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Abstract 

The objective of this project is to identify a robust and repeatable framework 

by which agricultural Artificial Intelligence (AI) models can be used to understand 

the implications of climate change and related risks on agricultural crop outcomes, 

both now and into the future. In particular, the DSI research team investigated this 

explainability problem from three perspectives: i) to understand the needed AI 

explainability in agriculture, ii) to handle climate features and short-term extreme 

events in an explainable AI framework, and iii) to cater for long-term climate 

behaviours (e.g., arisen from climate change) in our proposed framework. 

Specifically, the explainability of our framework targets the impacts of extreme 

weather events and climate change on crop outcomes. In our experiments, we used 

apples, grapes, and kiwifruit yield data and their relevant climate data from the 

United States, Australia, and New Zealand to investigate and establish our 

proposed framework. During our investigation, we noticed that the problem of 

feature correlations is a major challenge, causing explanation issues. Several 

factors may contribute to this problem. For example, insufficient features can lead 

to causal confusion, and the significance of individual features may be diluted by 

other highly correlated features, rendering their explanations inaccurate. To 

address this problem, we adopted Convolutional Neural Network (CNN) to handle 

correlated features by exploiting the spatial and temporal relationships in 

observations through convolutional layers. Attention maps were used to visualise 

the climate featural-temporal effects on harvest yields, while integrated gradients 

were used to validate the impact of climate features. This final report summarises 

our research findings. 

Keywords: Explainability, Agriculture, Artificial Intelligence, Machine Learning, 
Extreme Weather, Climate Change 

 
 
 
 
 
 

 

i 



 

 

Contents 

I Introduction 1 

II Literature Review & Horizon Scan 5 

1 Part II Introduction 5 

2 A survey of XAI in Crop Yield Prediction 5 

2.1 Coverage of Crop Types .............................................................................................. 6 

2.2 Considered Features ................................................................................................. 10 

2.3 Adopted AI/ML Approaches.................................................................................... 13 

2.4 Model Evaluation Metrics ........................................................................................ 15 

3 XAI Methodologies & Frameworks in Agriculture 15 

4 Case Studies of Climate Impacts on Apples, Grapes, and Kiwifruit 22 

4.1 Apples ....................................................................................................................... 24 

4.2 Grapes ....................................................................................................................... 25 

4.3 Kiwifruit .................................................................................................................... 27 

5 Part II Conclusion 28 

III Yield and Climate Data Preparation 29 

6 Part III Introduction 29 

7 Australian Data - State-Level Extreme Event 29 

7.1 Data Collection Method ...........................................................................................30 

7.2 Datasets Information ................................................................................................30 

7.3 Summary...................................................................................................................30 

8 New Zealand’s Data - Climate & Kiwifruit Yield 31 

8.1 Data Collection Method ........................................................................................... 31 
8.2 Datasets Information and Assignments.................................................................... 31 

8.3 Summary................................................................................................................... 31 

9 The United States’ Data - Climate & Apple Yield 34 

9.1 State-Level Data Collection ...................................................................................... 34 

9.1.1 Data Collection Method ............................................................................... 34 
9.1.2 Datasets Information ....................................................................................40 

9.2 County-level Data Collection .................................................................................... 40 

9.2.1 Data Collection Method ............................................................................... 40 

9.2.2 Datasets Information ....................................................................................40 

9.3 Summary................................................................................................................... 41 

10 Part III Conclusion 42 

ii 



 

 

IV XAI Baseline Model Evaluation 43 

11 Part IV Introduction 43 

12 Prediction Models & XAI Methods 43 

12.1 Yield Prediction Methods ........................................................................................ 43 

12.2 XAI Methods ............................................................................................................ 46 

13 Implementation of Our Baseline Evaluation 50 

13.1 Experiment Setup..................................................................................................... 50 
13.2 Datasets .....................................................................................................................51 

14 Analysis Based on Different AI Approaches 51 

14.1 Comparison Across Different AI Models on a XAI Method .................................... 52 

14.2 Comparison Across Different XAI Methods on a AI Model.................................... 55 

14.3 Our Findings ............................................................................................................ 58 

15 Analysis Based on Different Datasets 59 

15.1 Comparison Across Different Kiwifruit Types ......................................................... 59 

15.2 Comparison Across Different Climate Datasets ....................................................... 64 

15.3 Our Findings ............................................................................................................ 66 

16 Discussion 67 

16.1 Limitations and Opportunities ................................................................................. 68 

17 Part IV Conclusion 69 

V Extreme Weather Event Retrieval & Evaluation 70 

18 Part V Introduction 70 

19 Extreme Weather Events Data Retrieval 70 

20 Extreme Weather Events Severity Quantification 71 

21 Extreme Weather Events Alignments Evaluation 73 

21.1 Alignment Evaluation Methodology ......................................................................... 73 

21.2 Overview of Events and Temporal Distribution....................................................... 74 

21.3 Seasonal Distribution Analysis ................................................................................. 77 

21.4 Event Type Distribution Analysis ............................................................................ 78 

21.5  Location Distribution Analysis................................................................................. 81 

21.6 Anomaly Feature Patterns Analysis ......................................................................... 81 

22 Extensibility Verification - Case Study on US Data 84 

22.1 Anomaly-Based Severity Quantification ................................................................... 85 

22.2 NOAA-Based Severity Quantification ...................................................................... 86 

22.3 Comparison of Severity Scores ................................................................................. 88 

22.4 Event–Anomaly Alignment Analysis ........................................................................ 89 

23 Challenges and Limitations 91 

iii 



 

 

24 Part V Conclusion 91 

VI XAI Framework for Short-term Climate Effects 92 

25 Part VI Introduction 92 

26 Data Sources for Our Experiments 93 

27 Framework #1: 1D-CNN with Temporal Attention (1D-CNN-TA) 93 

27.1 Model Architecture ................................................................................................... 93 
27.2 Input Settings and Experimental Design ................................................................. 95 

27.3 Experiments on the Apple Data in the US .............................................................. 96 

27.3.1 California (CA) State.................................................................................... 96 

27.3.2 Washington (WA) State .............................................................................. 100 

27.3.3 Summary of Findings & Insights................................................................ 104 

27.4 Experiments on the Grape Data in Australia ........................................................ 106 

27.4.1 Coonawarra Region..................................................................................... 106 

27.4.2 Lake Cullulleraine Region ........................................................................... 108 

27.4.3 Summary of Findings & Insights................................................................ 108 

28 Framework # 2: 2D-CNN with CBAM (2D-CNN-CBAM) 108 

28.1 Model Architecture ................................................................................................. 108 

28.2 Hierarchical Clustering with Optimal Leaf Ordering (OLO)  ..................................110 

28.3 Adaptive Kernel Size ............................................................................................... 113 

28.4 Experiments on the Grape Data in Australia ......................................................... 114 

28.4.1 Results and Analysis on Lake Cullulleraine ................................................ 114 

28.4.2 Results and Analysis on Coonawarra Penfolds ........................................... 115 

28.4.3 Summary of Findings & Insights................................................................. 117 

29 Evaluation of Our Proposed Frameworks 120 

29.1 Our Proposed XAI Frameworks vs Traditional Methods ...................................... 120 

29.2 Potential Problems and Remedies.......................................................................... 122 

30 Part VI Conclusion 125 

VII XAI Framework for Long-term Climate Behaviours 127 

31 Part VII Introduction 127 

32 Long-Term Climate Behaviours 128 

32.1 Sequence Data (Time Series) Analysis ................................................................... 128 

32.2 Volatility Analysis .................................................................................................... 131 

32.3 Growing Degree Days and Crop Growth Stages .................................................... 136 

32.4 Improved Explanation Framework for Long-term Data Modelling ........................ 137 

33 Experimental Setup 139 

33.1 Data Sources for Our Experiments ........................................................................ 139 

33.2 Yield Variation across Varieties, Blocks, and Regions ........................................... 140 

33.3 Input Configuration and Experimental Design .......................................................143 

iv 



 

 

34 Results and Analysis on SILO Climate Data 144 

34.1 Overall Performance across Regions and Varieties ................................................ 144 

34.1.1 Daily Input Results .................................................................................... 144 

34.1.2 Daily with LTA Input Results .................................................................... 144 

34.2 Interpretability Analysis on Representative Variety (SEMI, 2022) .......................145 

34.2.1 Daily Input Results .................................................................................... 146 

34.2.2 Daily with LTA Input Results .................................................................... 150 

34.3 Regional Interpretability Analysis: Lake Cullulleraine ...........................................153 

34.3.1 Daily Input Results .....................................................................................153 

34.3.2 Daily with LTA Input Results .....................................................................156 
34.4 Regional Interpretability Analysis: Coonawarra Penfolds ......................................158 

34.4.1 Daily Input Results .....................................................................................158 

34.4.2 Daily with LTA Input Results ..................................................................... 161 

34.5  Summary of Findings ..............................................................................................163 

35 Part VII Conclusion 165 

VIII Conclusion 167 

IX Appendix 169 

36 Manuscripts on Specific Topics 169 

36.1 The Complexity of Extreme Climate Events on NZ Kiwifruit Industry ................170 
36.2 Multi-Hazard Early Warning Systems for Agriculture........................................... 180 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

v 



 

 

List of Tables 

1 Current Project Team Members. ............................................................................... 2 

2 Departed Project Team Members. ............................................................................. 3 

3 List of abbreviations used in this report. ................................................................... 7 

4 Counts of crop types considered in evaluated literature. Note that a single 

paper could have multiple kinds of crop evaluated ..................................................... 7 

5 Distribution of feature representation – the counts of papers using a type of  

representation for a particular class of feature are captured in this table, where 

each is followed by references (in brackets). The numbers in bold are the most 
popular ones. ............................................................................................................ 11 

6 Mathematical expression about various prevalent metrics ...................................... 16 

7 XAI methods used in agriculture. ............................................................................ 20 

8 Significant climate features for different growing phases of apples, grapes, and 
kiwifruit..................................................................................................................... 23 

9 State Percentage for Apple Yield Data in the United States................................... 35 

10 R2 Score for Each of the AI Models on Different Types of Kiwifruit ...................... 45 
11 Comparison of SHAP Methods ................................................................................ 48 

12 Overview of Experiments for Kiwifruit Types, AI Models, XAI Methods, and 
Climate Datasets....................................................................................................... 50 

13 Kiwifruit Yield Data Split Details ........................................................................... 51 

14 Summary of data sources by region and crop type .................................................. 93 

15 Accuracy and high-attention periods for California apple yield under different 
input configurations.................................................................................................. 98 

16 Prediction performance on CA apple yield (2022–2023)......................................... 99 

17 Accuracy and high-attention periods with extreme event alignment for Cali-
fornia apple yield prediction in 2022. ..................................................................... 100 

18 Comparison of attention patterns under different temporal granularities (CA, 

Exp. 2: Climate + Extreme Events)....................................................................... 100 

19 Accuracy and high-attention periods for Washington apple yield under differ- 

ent input configurations. ........................................................................................ 101 

20 Prediction performance on WA apple yield (2022–2023). ..................................... 103 

21 Accuracy and high-attention periods with extreme event alignment for Wash-
ington apple yield prediction in 2022.  .................................................................... 104 

22 Comparison of attention patterns under different temporal granularities (WA, 

Exp. 2: Climate + Extreme Events). ..................................................................... 105 
23 Attention weight statistics and accuracy for Coonawarra grape yield prediction 

(All Sites)................................................................................................................ 106 

24 Attention weight statistics and accuracy for Coonawarra Penfolds site. ............... 107 

25 Attention weight statistics and accuracy for Coonawarra O’Deans site. ............... 107 

26 Attention weight statistics and accuracy for Coonawarra Ward site. .................... 107 

27 Attention weight statistics and accuracy for Lake Cullulleraine grape yield 

prediction. ............................................................................................................... 108 

28 Prediction performance under different kernel size configurations. The adaptive 

kernel sizes achieve the best overall accuracy and lowest error. ............................ 114 

29 Accuracy comparison of Exp. 1 and Exp. 2 under daily input setting. ................. 114 
30 Accuracy comparison of Exp. 1 and Exp. 2 under daily with LTA input setting.115 

31 Accuracy comparison of Exp. 1 and Exp. 2 under daily input setting. ................. 119 

32 Accuracy comparison of Exp. 1 and Exp. 2 under daily with LTA input setting.119 

33 Comparison of model interpretability and correlation handling capability ........... 124 

vi 



 

 

34 Comparison between CBAM Attention and IG/Aggregated IG explanations across 

multiple aspects. ..................................................................................................... 139 

35 Summary of grape-related data sources across regions using the SILO climate dataset.

................................................................................................................................ 140 
36 Comparison of top-ranked climate features in aggregated IG attributions and 

fused attention (SEMI, 2022, daily input). “Aggregated IG Only” denotes fea-

tures captured exclusively by the aggregated IG method; “Common Features” 

represent those shared by both explanation methods; and “Fused Attention 
only” refers to features highlighted solely by fused attention. ............................... 152 

37 Comparison of top-ranked climate features in aggregated IG attributions and 

fused attention (SEMI, 2022, daily with LTA input). “Aggregated IG Only”  

denotes features captured exclusively by the aggregated IG method; “Common 

Features” represent those shared by both explanation methods; and “Fused 

Attention only” refers to features highlighted solely by fused attention. .............. 156 

38 Comparison of top-ranked climate features in aggregated IG attributions and 
fused attention (Lake Cullulleraine, 2022, daily input). “Aggregated IG Only”  

denotes features captured exclusively by the aggregated IG method; “Common 

Features” represent those shared by both explanation methods; and “Fused 
Attention only” refers to features highlighted solely by fused attention. .............. 158 

39 Comparison of top-ranked climate features in aggregated IG attributions and 
fused attention (Lake Cullulleraine, 2022, daily with LTA input). “Aggregated  

IG Only” denotes features captured exclusively by the aggregated IG method; 

“Common Features” represent those shared by both explanation methods; and 
“Fused Attention only” refers to features highlighted solely by fused attention. 161 

40 Comparison of top-ranked climate features in aggregated IG attributions and 

fused attention (Coonawarra Penfolds, 2022, daily input). “Aggregated IG  Only” 
denotes features captured exclusively by the aggregated IG method; “Common 

Features” represent those shared by both explanation methods; and 

“Fused Attention only” refers to features highlighted solely by fused attention. 163 

41 Comparison of top-ranked climate features in aggregated IG attributions and 
fused attention (Coonawarra Penfolds, 2022, daily with LTA input). “Aggre-

gated IG Only” denotes features captured exclusively by the aggregated IG  
method; “Common Features” represent those shared by both explanation 

methods; and “Fused Attention only” refers to features highlighted solely by 

42 
fused attention. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 

Common top-ranked climate features shared by CBAM fused attention and 

aggregated IG across regions and input types. . . . . . . . . . . . . . . . . . . 

166 

 
166 

List of Figures 
 

1 Yearly counts of shortlisted publications in XAI and agriculture.  . . . . . . . 6 

2 

 
3 

Number of times a crop type is evaluated in various countries in evaluated 

literature. Note that a single paper could have multiple kinds of crop evaluated.  
Number of times a crop type is evaluated in different time scopes in evaluated 
literature. Note that a single paper could have multiple kinds of crop evaluated. 

 
8 

 
9 

4 Different interpretations of features (adapted from [1]). . . . . . . . . . . . . . 10 

5 Weather features evaluation frequency. . . . . . . . . . . . . . . . . . . . . . . 12 

6 Evaluated models. Note that one paper could evaluate multiple models. . . . 14 
7 Evaluation metrics. Note that one paper could use multiple metrics.  . . . . . 16 

 

 

vii 



 

 

8 XAI methods taxonomy in agriculture, modified from [2]. ..................................... 17 

9  Definition of AI explainability and related properties, adapted from [3]................ 17 

10 Customized visualization wrt. time. ......................................................................... 21 

11  Expert explanation and SHAP explanation on LSTM, adapted from [4]. .............. 23 

12  Expert quadrants and evaluation result, adapted from [4]. .................................... 24 

13  Distance of the Nearest Weather Station from a farm. The histogram dis-

plays the distribution of the nearest distances between farms and their closest 

stations where climate data is available. .................................................................. 32 

14  Number of Farms Covered for Each Year: This chart shows the number of 
farms with climate data coverage per year, highlighting how many farms have 
full data availability over time. ................................................................................ 32 

15  Number of Stations Covered for Each Year: This chart represents the num-

ber of climate stations that have data for the respective years. It’s useful for 
identifying if station coverage remains consistent or fluctuates over time............... 33 

16  Farm Coverage Across Years: The bar chart shows the percentage of coverage 

by year; each bar represents the percentage of data marked as ”Covered” for 

each year. .................................................................................................................. 33 

17  The Selected Nine Counties in WA .......................................................................... 36 
18 Climate trends for nine counties in Washington (WA), covering the period 

from January 1, 2000 to September 8, 2024............................................................ 37 

19  CV comparison for nine counties in Washington (WA) on a daily basis, covering 

the period from January 1, 2000 to September 8, 2024. ......................................... 38 

20 CV Comparison for Nine Counties on an Annual Basis .......................................... 39 

21  The States with County-level Yield Data ................................................................. 41 

22  Global Explanations VS Local Explanations [5]. In this figure, we provide a 

brief illustration of global explanations and local explanations, respectively .......... 46 

23  Beeswarm Plots for Different Models (SHAP and KernelSHAP). These results 
are generated using a background of 100 training samples and 100 test samples 
for the HW Conventional type based on NIWA climate data. ................................. 53 

24  SHAP Values Waterfall Plots for Different Models. In this figure, we demon-

strate sample #6. These results are generated using a background of 100 

training samples and 100 test samples for the HW Conventional type based 
on NIWA climate data. ............................................................................................. 54 

25  KernelSHAP Waterfall Plots for Different Models. In this figure, we demon-
strate sample #6. These results are for the HW Conventional type based on 

NIWA climate data.  .................................................................................................. 55 

26  LIME Explanations for Different Models. In this figure, we demonstrate sample 

#6. These results are generated for the HW Conventional type based on NIWA 
climate data. ............................................................................................................. 56 

27  LIME Explanations for Different Datasets. We present the results for sample 

#6 across the three kiwifruit types, using three different climate datasets. ............ 60 

28 Beeswarm Plots for Different Datasets: These results are generated using a  

background of 5 training samples and 10 test samples for the three kiwifruit  

types, based on three climate datasets. When using a background of 100 train-

ing samples and 100 test samples with the daily climate dataset, the system ran 

out of memory on an Apple M1 system-on-a-chip (SoC) chip with 16GB unified 
memory or a workstation equipped with 64 GB RAM and an NVIDIA 

A2 GPU (24 GB VRAM). ........................................................................................ 61 

viii 



 

 

29  Waterfall Plots for Different Datasets. In this figure, we demonstrate sample #6. 

These results are generated using a background of 5 training samples and 10 

test samples for the three kiwifruit types, based on three climate datasets. When 
using a background of 100 training samples and 100 test samples with the daily 

climate dataset, the system ran out of memory on an Apple M1 system-on-a-

chip (SoC) chip with 16GB unified memory or a workstation 

equipped with 64 GB RAM and an NVIDIA A2 GPU (24 GB VRAM). ................ 62 
30 Word cloud for the highest severity events. ............................................................. 72 

31  Word clouds for two examples of the lowest severity events. .................................. 72 

32  Word cloud summarising all events. ........................................................................ 73 

33  Distribution of events by anomaly detection status (Total: 254 events). ................ 74 

34  Timeline of the 254 extreme events classified by anomaly detection results.  

Events are categorised into three groups: Aligned (anomalies detected exactly  

at event time), Window-Aligned (anomalies detected within a ±15-day win- 
dow), and Non-Aligned (no anomalies detected). .................................................... 75 

35  Event and Anomaly Matching Analysis. .................................................................. 76 

36  Distribution of unmatched events with climate data by duration (left) and 

event type (right)...................................................................................................... 77 

37  Seasonal distribution of all 254 extreme events. Seasonal distribution of aligned 

events based on customised seasonal periods: Dormant (June–August), Bud-

break (September–November), Fruit Set (December–February), and Harvest 
(March–May). ........................................................................................................... 78 

38 Seasonal distribution across different alignment categories. Seasonal dis-

tribution of aligned events based on customised seasonal periods: Dor-

mant (June–August), Budbreak (September–November), Fruit Set (Decem- 

ber–February), and Harvest (March–May). ............................................................. 79 
39  Event type distribution across different alignment categories. ................................ 80 

40 Top 15 locations for extreme events across different alignment categories. ............ 82 

41  Heatmap illustrating anomaly patterns aligned with extreme weather events. 
Droughts were strongly associated with high-temperature and low-humidity 

anomalies; floods and heavy rain events corresponded to positive rainfall  

anomalies; and fire events were linked to low-humidity anomalies. (Note: In 
this heatmap, feature names prefixed with 1 indicate positive anomalies (above 

standard values), and -1 indicate negative anomalies (below standard values).) 83 

42  Heatmap illustrating anomaly patterns associated with window-aligned 

extreme events. (Note: Feature names prefixed with 1 or -1 indicate positive and 

negative anomalies relative to standard thresholds. Anomalies are labelled 
as #1 if occurring before the event and #-1 if occurring after the event.)  ............ 84 

43  Distribution of matched events by event type.......................................................... 89 

44  Heatmap of anomaly frequency across different event types. .................................. 90 

45  Overview of our proposed Framework #1 (1D-CNN with Temporal Attention) 

for yield prediction. .................................................................................................. 94 

46  Climate features used for apple yield prediction in CA and WA ............................ 96 

47  Extreme event indicators used for apple yield prediction in CA and WA............... 96 

48 Temporal attention patterns for California apple yield prediction across three 
input configurations. Red shading indicates high-attention periods........................ 97 

49  Attention weight statistics and temporal overlap analysis between Exp. 1 and 

Exp. 2 in California. ................................................................................................. 98 

50 Comparison of attention periods under varying input granularities. Overlap- 

ping high-attention intervals across formats are highlighted in red. ..................... 101 

ix 



 

 

51  Temporal attention distributions for WA across Exp. 1–3. Each configuration 

highlights different seasonal stages, with overlapping focus around the harvest 

phase. ...................................................................................................................... 102 
52  Overlap of high-attention days across WA experiments. Late-season windows 

(Days 266–300) show consistent alignment across configurations........................ 103 

53  Attention timeline comparison across different temporal granularities in WA 

(Exp. 2). Overlapping high-attention windows are shaded in red........................... 105 

54  Overview of our Proposed Framework #2 (2D-CNN with CBAM) – three con-

volutional blocks, each integrated with a CBAM. Spatial and channel attention 

maps are fused across layers to provide interpretable feature-time importance 
visualisation. ........................................................................................................... 109 

55 Feature dendrogram with arbitrary ordering, where adjacency is inconsistent 

with correlation structure. ...................................................................................... 112 

56  Feature dendrogram after applying OLO, where highly correlated features are  

aligned adjacently, enhancing spatial coherence. ................................................... 112 

57  Fused attention map of Exp. 1 (daily input, 2024). The map shows the featural-

temporal attention distribution, where darker colour indicates higher attention 

weight across both feature and time dimensions. .................................................. 115 
58 Fused attention map of Exp. 2 (daily input, 2024). Similar to Exp. 1, the 

attention map highlights the temporal focus and relative feature importance 

across the phenological stages. ............................................................................... 116 

59  Top 15 feature and temporal attention analysis for Exp. 1 (daily input, 

2024). Left: Top features ranked by mean attention weights. Right: Temporal 

attention trend across the growing season.............................................................. 116 
60 Top 15 feature and temporal attention analysis for Exp. 2 (daily input, 

2024). Left: Top features ranked by mean attention weights. Right: Temporal 

attention trend across the growing season.............................................................. 117 

61  Fused attention map of Exp. 1 (daily with LTA input, 2024). The map shows 

the featural-temporal attention distribution, where darker colour indicates 
higher attention weight across both feature and time dimensions. ....................... 117 

62  Fused attention map of Exp. 2 (daily with LTA input, 2024). Similar to 

Exp. 1, the attention map highlights the temporal focus and relative feature 
importance across the phenological stages. ............................................................ 118 

63  Top 15 feature and temporal attention analysis for Exp. 1 (daily with LTA 
input, 2024). Left: Top features ranked by mean attention weights. Right: 

Temporal attention trend across the growing season. ............................................ 118 

64  Top 15 feature and temporal attention analysis for Exp. 2 (daily with LTA 

input, 2024). Left: Top features ranked by mean attention weights. Right: 

Temporal attention trend across the growing season............................................. 119 
65  Fused attention map of Exp. 1 (daily input, 2024). The map shows the featural-

temporal attention distribution, where darker colour indicates higher attention 

weight across both feature and time dimensions. .................................................. 120 

66  Fused attention map of Exp. 2 (daily input, 2024). Similar to Exp. 1, the 

attention map highlights the temporal focus and relative feature importance 

across the phenological stages. ............................................................................... 121 
67  Top 15 feature and temporal attention analysis for Exp. 1 (daily input, 

2024). Left: Top features ranked by mean attention weights. Right: Temporal 

attention trend across the growing season.............................................................. 121 

x 



 

 

68 Top 15 feature and temporal attention analysis for Exp. 2 (daily input, 

2024). Left: Top features ranked by mean attention weights. Right: Temporal 

attention trend across the growing season. ............................................................ 122 
69  Fused attention map of Exp. 1 (daily with LTA input, 2024). The map shows 

the featural-temporal attention distribution, where darker colour indicates 

higher attention weight across both feature and time dimensions. ....................... 122 

70 Fused attention map of Exp. 2 (daily with LTA input, 2024). Similar to 

Exp. 1, the attention map highlights the temporal focus and relative feature 
importance across the phenological stages. ............................................................ 123 

71  Top 15 feature and temporal attention analysis for Exp. 1 (daily with LTA 

input, 2024). Left: Top features ranked by mean attention weights. Right: 
Temporal attention trend across the growing season. ............................................ 123 

72  Top 15 feature and temporal attention analysis for Exp. 2 (daily with LTA 

input, 2024). Left: Top features ranked by mean attention weights. Right: 

Temporal attention trend across the growing season. ........................................... 124 
73  Screenshot of latest extreme reports from BOM .................................................... 125 

74  Extreme events primarily occur from September to December. ............................ 126 

75  Sequence analysis on unit yield for region Coonawarra Penfolds and Lake 

Cullulleraine............................................................................................................ 130 
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Part I 

Introduction 
The security of food supply stands as a pivotal challenge confronting the global com-munity 

due to ever increasing food demand. The dynamics and often adverse impacts of changing 

climatic conditions further amplify our concerns. Nowadays, an important avenue to tackle food 

supply security is to model the system by using Artificial Intelligence (AI) and/or Machine 

Learning (ML) techniques. AI models and their associated processes are often per-ceived as 

“black boxes” creating a barrier for human to comprehend and trust. Instead, they should be 

something understandable to and shareable with humans allowing wider benefits to mankind. 
For example, the knowledge gains from understanding the impacts of weather events on 

agricultural productivity is a necessity for enhancing the explainability of agricul-ture 

predictive models. Moreover, the knowledge could assist the development of targeted 

interventions to mitigate the adverse effects of such events on food security. Examples of crit-

ical climate events are droughts, floods, frosts, etc., which can severely impact crop yields; and 
consequently, impacting the food supply chains and ultimately what we can have on our dining 

tables. 

Identifying these critical climate events from historical data also presents its own chal-
lenges, primarily due to the variability and unpredictability of weather patterns. The task 

is further complicated when attempting to establish a relationship between sparse climate 

events and crop yields. The sporadic nature of extreme weather events, coupled with the often 

incomplete or noisy agricultural data, poses serious methodological and analytical challenges 

to data scientists. These unavoidable real-world problems underscore the need of sophisticated 
and explainable AI techniques, and the acquisition of comprehensive datasets to accurately 

determine their connections. 

The objective of this project is to identify a robust and repeatable framework by which 

Agricultural AI models can be used to understand the implications of climate change and other 

risks on agricultural crop outcomes, both now and into the future. In particular, the DSI 

research team investigated this explainability research question from three perspectives. They 

are outlined below with their expected outcomes: 

1. Understand the needed AI explainability in agriculture – to improve the method-

ologies of agriculture AI prediction models to better explain their outputs, 
2. Handle climate features and short-term extreme events in an Explainable Artificial 

Intelligence (XAI) framework – to improve adaptiveness of XAI prediction models 
to short-term weather shocks, and 

3. Cater for long-term climate behaviours (e.g., arisen from climate change) in our 
proposed framework – to understand long-term changes to climate conditions and 
their implications to XAI. 

This research project was a collaboration among the team members outlined in Tables 1 and 2, 

where the project partners are: 

• Data Science Institute (DSI), University of Technology Sydney (UTS), 
• The Yield Technology Solutions (now Yamaha Agriculture), and 
• Food Agility CRC (FACRC). 
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Table 1: Current Project Team Members. 
 

 

Name Bio Contact 
 

Dr Victor W. Chu Victor W. Chu is a data science researcher 
specialising in agricultural AI, explainable AI 
(XAI), remote sensing, climate and extreme 
weather modelling, carbon and emissions 
modelling, and AI ethics. He currently leads the 
A-Theme at the Data Science Insti-tute, 
covering livestock, horticulture and 
environmental modelling. His work sits at 
the intersection of machine learning, spatio-
temporal analytics, environmental modelling 
and responsible AI, contributing to national 

priorities in digital agrifood innovation and 
climate resilience. 

WingYan.Chu@uts.edu.au 

 

Dr Boyuan Zheng Bryan is skilled in using deep learning mod- 
els to solve problems and employs explain-
able AI techniques for post-hoc analysis of 
model predictions. Bryan’s academic journey 
started with a bachelor’s degree in Marine 
Technology from Ocean University of China, 
followed by a master’s degree in Computer 
Science with a focus on AI from the Aus-
tralian National University. He completed his 
PhD at the University of Technology Syd-
ney, where he focused on explaining imitation 

learning in multimodal environments. 

Boyuan.Zheng@uts.edu.au 

 

A/Prof Zhidong Li Zhidong Li earned his Ph.D. degree from 
the University of New South Wales, Sydney, 
Australia. Presently, he holds the position 
of Associate Professor at the Data Science 
Institute, University of Technology Sydney, 
Australia. Prior to this, Zhidong served as 
a senior engineer at Data61, CSIRO (Com-
monwealth Scientific and Industrial Research 
Organisation), the federal government agency 
for scientific research in Australia. 

Zhidong.Li@uts.edu.au 

 

Mr Nin˜o Eclarin Nin˜o Eclarin is a Machine Learning Engi- 
neer with extensive experience in delivering 
production-grade ML and backend systems. He 

currently applies ML and backend engi-neering 
at Yamaha Agriculture, continuing after its 
Yield acquisition in 2024 and focusing on API 
design, data processing, and scalable AWS 
deployments. Previously at Hacarus, he built 
backend interfaces, led ML model devel-
opment and MLOps, and mentored junior team 
members on projects ranging from cloud-
based visual inspection to safety moni-toring. 

Nino.Eclarin@yamaha- 
agriculture.com 
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Table 2: Departed Project Team Members. 

Name Bio 

Dr Evan Webster 
 
 
 
 
 
 

 
Mr Ashley Rootsey 

Evan Webster was the Data Science and Research Manager at Yamaha 
Agriculture. He completed his PhD and post-doctoral research at 
UNSW, focussing on large-scale environmental issues including catch-
ment water yields, wildfire management, and river basin water man-
agement. At Yamaha Agriculture, Evan managed the development and 
operation of commercial weather and harvest models across the Wine, 
Kiwifruit, Apple, and Berry industries. Dr Webster left Yamaha Agri-
culture before the completion of this project. 

Ashley Rootsey was the AI & Robotics Lead at Food Agility CRC, the 
primary project  sponsor and administrator. Ashley has over 7 years of 
agricultural and food technology R&D management experience and has 
worked on an expanse of industries and technology types over this time. 
Prior to this role Ashley graduated from University of Sydney with a 1st 
Class Hons Degree in Food Science & Agribusiness. Mr Rootsey left  
Food Agility CRC before the completion of this project.  

 
The rest of this project report is organised as follows: 

❏ Part II of this report presents a systematic survey on XAI in crop yield prediction, 

and a discussion of our findings on XAI for agriculture. It is followed by a summary 
of our case studies of climate impacts on apples, grapes, and kiwifruit. 

❏ Part III outlines the methods that we used to collect the necessary data and explain 

the rationale behind our selection of datasets. Specifically, we focus on the collection 
of New Zealand climate and kiwifruit yield data, as well as Australian and the 
United States’ climate and crop yield data. 

❏ Part IV focuses on evaluating our XAI baseline models for crop yield prediction, 

including demonstration and testing of the latest XAI concepts. Based on our exten-
sive evaluations of our experiment results, we identified the limitations of the existing 

XAI methods on climate in agriculture yield prediction and defined opportunities 
for the later stages of this project. 

❏ Part V focuses on extreme weather events which have been making significant 

impacts on agriculture. We conducted a multi-faceted approach to further our inves-
tigation involving extreme weather events data retrieval, severity quantification, and 
alignment evaluation. 

❏ Part VI presents our proposed XAI Frameworks to handle correlated climate fea- 

tures. Many traditional XAI methods implicitly assume feature independence. 
However, this assumption is often violated and hence they tend to distribute impor-
tance diffusely or inconsistently across correlated features leading to unstable or 
misleading explanations that obscure true causal drivers. In Part VI, we proposed 
to apply Convolutional Neural Networks (CNNs) enhanced with temporal attention 
mechanisms to predict crop yields and interpret the underlying temporal patterns. 

❏ Part VII presents our analysis of longer term data and the extension of our 
frameworks to better cater for long-term climate behaviours. 

❏ Part VIII is our overall conclusion for the project. 
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❏ Lastly, Part IX is the appendix, which records the manuscripts that we have 
prepared on specific topics in this project. 
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Part II 

Literature Review & Horizon Scan 

1 Part II Introduction 

The objective of this project is to identify a robust and repeatable framework by which 

agricultural Artificial Intelligence (AI) models can be used to understand the implications 

of climate change and other risks on agricultural crop outcomes, both now and into the future. 

In particular, the DSI research team investigates this explainability research question from 

three perspectives: i) AI explainability, ii) extreme weather (short-term shocks), and 
iii) climate change (long-term trends). 

Part II of this report summarises the state-of-the-current literature to prepare for the 

development of an AI Explanation framework for agricultural. The explainability of our 
framework targets the impacts of extreme weather events and climate change on crop out-

comes in apples, grapes, and kiwifruit industries. During our literature review, we noticed that 

the problem of feature correlations is a major challenge causing the issue of counterfac-tual 

explanations. Several factors may contribute to this problem. For example, insufficient 

features can lead to causal confusion, and the significance of individual features may be diluted 
by other highly correlated features rendering their explanations inaccurate. 

We organise Part II as follows. Section 2 presents our systematic survey on Explainable 

Artificial Intelligence (XAI) in crop yield prediction. It is followed by Section 3 in which we 

discuss our findings on XAI methodologies and frameworks in Agriculture. Next, in Section 4 

we summarise our case studies of climate impacts on apples, grapes, and kiwifruit. Lastly, 

Section 5 concludes our literature review and horizon scan. 

 

2 A survey of XAI in Crop Yield Prediction 

We followed the guidelines proposed by Keele et al. [7] to conduct a systematic survey. This 

survey aims to identify the current research focus at the intersection between Explainable 

Artificial Intelligence (XAI) and the domain of agriculture, specifically in crop yield pre-

diction. To assist our literature searching process, we first outlined four important research 

questions: 

• What kind of machine learning algorithms are used in crop yield prediction? 
• Which features are involved in the prediction problems? 
• What are the common target crops? Is the fruit industry properly investigated? 
• What kind of XAI techniques are used? and how they get evaluated? 

Next, we proceed to define our search criteria by identifying the keywords commonly 

associated with these research questions. Our primary literature database is on the Web of 
Science platform1. To navigate the sheer amount of literature within the broad domains of 

artificial intelligence and machine learning, we narrowed our search using keywords such as 

“XAI”, “explainable”, “interpretable”, “crop yield”, etc. These keywords were combined with 
 

1https://clarivate.com/products/scientific-and-academic-research/research-discovery-and-workflow- 
solutions/webofscience-platform/ 
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Fig. 1: Yearly counts of shortlisted publications in XAI and agriculture. 
 
 

appropriate logical connectors to form our queries. We observed a considerable amount of 

research work related to crop disease classification, which falls outside our scope. Therefore, 

we excluded literature containing the term “disease” in their titles or abstracts. The final 
query string is as follows: (TS=(“XAI”) OR TS=(“explainable”) OR TS=(“interpretable”)) 

AND (TS=(“crop yields”) OR TS=(“yield prediction”) OR TS=(“crop yield”)) NOT  

TS=(“disease”), where TS refers to topic search which includes searching through their 

titles, abstracts, and indexes. The query resulted in 60 pieces of shortlisted publications. We 

grouped the publications by year and summarised their counts in Fig. 1. We can observe that 
publications related to both XAI and agriculture are continuously increasing. 

We differentiate the crop yield estimation approaches among these 60 publications by 

utilising the taxonomy introduced by He et al. [8], which is a comprehensive review of the yield  

estimation and prediction methods. At the top level, we can group these 60 publications into 

direct yield estimation and indirect yield prediction methods. Direct yield estimation involves 

employing cutting-edge object detection algorithms to detect crops and calculate quantity 

statistics to achieve yield estimation, which is widely applied to orchards. Indirect yield 
prediction utilises larger scale data, such as meteorological/climate data and county-level 

geological data, to predict crop yield. We excluded 21 papers with poor relevance to indirect  

crop prediction, leaving with 39 publications. We will next present our findings in four key 

aspects of the shortlisted publications: i) their coverage of crop types, ii) their considered 

features, iii) their adopted AI/Ml approaches, and iv) their model evaluation metrics. To better 
organise this report, we introduce our abbreviations together with their full name in Table 3. 

The abbreviations are used extensively in Part II of this report. 

 

2.1 Coverage of Crop Types 

First, we summarise the crop types from all the evaluated literature in Table 4. Majority of the 

research focuses on predicting the yield of cereals (primarily maize and wheat), which are the 

primary elements providing the highest calories and protein for the global food supply among 
wheat, rice, and maize [10]. Moreover, soybean and cotton are also widely investigated 

worldwide. These crops have relatively short farming cycles making them more suitable for 

analysing the annual influence of environmental variables and farm management practices 

(compared to most fruits). Furthermore, the types of crops evaluated are strongly correlated 

with geographic locations which in turn could be climate specific. The relationship between 
country and crop, depicted in Fig. 2, reveals a notable concentration of research in developed 
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Table 3: List of abbreviations used in this report. 
 

Abbreviations Full Names 
 

AG Agriculture/Agricultural  
ANN Artificial Neural Network 
BNN Bayesian Neural Network 
CNN Convolutional Neural Network 
DL Deep Learning 
DT Decision Tree 
ENSO El Nin˜o-Southern Oscillation 
GBDT Gradient Boosting Decision Tree 
GBM Gradient Boosting Machine 
IG Integrated Gradients 
IPO Interdecadal Pacific Oscillation 
KNN k-Nearest Neighbors 
LASSO Least Absolute Shrinkage and Selection Operator 
LIME Local Interpretable Model-agnostic Explanations 
LR Linear Regression 
LSTM Long Short-Term Memory 
MAE Mean Absolute Error 
MAPE Mean Absolute Percentage Error 
ML Machine Learning 
NN Neural Network 
NSE Nash-Sutcliffe Efficiency 
PDP Partial Dependence Plots 
R2 Coefficient of Determination 
RF Random Forest 
RMSE Root Mean Square Error 
SHAP SHapley Additive exPlanation 
SOTA State-Of-The-Art 
SVR Support Vector Regression 
XAI Explainable Artificial Intelligence 
XGB Extreme Gradient Boosting 

 

 
 

Table 4: Counts of crop types considered in evaluated literature. Note that a single 
paper could have multiple kinds of crop evaluated. 

 

 Counts Publications 

Wheat 9 [4, 9–16] 

Maize 9 [4, 9, 11, 13, 17–21] 
Soybean 5 [9, 11, 19, 22, 23] 
Cotton 3 [11, 24, 25] 
Sunflower 2 [13, 15] 
Others 17 [15, 16, 18, 26] 

 
agricultural nations. The data also showcase intriguing spatial and country-specific patterns. 

For instance, countries located close to the equator, such as Malaysia, often study fruits and 
vegetables. The composition of crop types evaluated in research also reflects the role of these 

crops in a country’s agricultural productions. For example, in Australia, wheat and cotton are 

investigated more frequently than other crops, which is consistent with the fact that wheat and 

cotton are principal crops in Australian agriculture. 
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Fig. 2: Number of times a crop type is evaluated in various countries in evaluated literature. Note that a single paper could 
have multiple kinds of crop evaluated. 
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Fig. 3: Number of times a crop type is evaluated in different time scopes in evaluated literature. Note that a single paper could 
have multiple kinds of crop evaluated. 
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Fig. 4: Different interpretations of features (adapted from [1]). 

 

 
We also categorised the duration of their input datasets into three time scopes: i) within 2 

years, ii) from 2 to 5 years, and iii) more than 5 years, since we are interested in examining the 

relationship between crop types and time scope. Crops with longer farming cycles are expected 
to be investigated over a longer time span compared to those with shorter farming cycles. Fig. 

3 presents the statistics of different types of crops evaluated under various time scopes. It is 

evident that popular crops such as wheat and maize have been extensively examined across 

various time scopes, indicating the significance of these crops and the accessibility of 

corresponding datasets. In addition to these principal crops, we observe that the temporal data 
for fruit yield prediction commonly spans more than 5 years, which is in line with our 

expectations. 

 

2.2 Considered Features 

Numerous features(variables) influence crop yield, rendering yield prediction an interdisci-

plinary subject characterised by diverse focuses and input features across the literature. A 

common taxonomy for these variables categorises them into management features and envi-

ronmental features. Management features encompass variables that can be controlled by 

humans, such as fertiliser and pesticide usage, irrigation-related factors, crop density, and the 
like. Environmental features, on the other hand, stem from nature and can be further 

subdivided into four categories: i) meteorological/climate features, ii) soil-related features, 

iii) geographical features (such as slope and altitude), and iv) other features (e.g., vegetation 

indices obtained via remote sensing, crop duration, carbon dioxide concentration, etc.). Both 

management and environmental features are represented in various approaches across the lit-

erature. In this regard, we adopt the representation taxonomy proposed by Victor et al. [1], 

where input data can be interpreted in ten different ways (see Fig. 4). The first column of 
interpretations lacks a temporal component, whereas the second column incorporates tem-

poral aspects. Each row interprets input data as a stack, sequence, image, image cube, and 

aggregated data based on territory, respectively.  
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Table 5: Distribution of feature representation – the counts of papers using a type of 
representation for a particular class of feature are captured in this table, where each is 
followed by references (in brackets). The numbers in bold are the most popular ones. 

 

 Climate Features Soil Features Manipulable Features Geo Features Other Features 

P-s - - - - 1 ([26]) 

S-c - 1 ([25]) 1 ([25]) - - 

S-o 2 ([12, 24]) 3 ([12, 21, 27]) 10 ([12, 18, 24]) 12 ([9, 11, 21]) 1 ([12]) 

T-s 1 ([26]) - - - - 

ST-c 2 ([10, 28]) - - - - 

ST-o 22 ([4, 16, 19]) 6 ([9, 19, 24]) 6 ([16, 19, 29]) 1 ([16]) 10 ([4, 9, 20]) 

Mixed - 4 ([4, 11, 29]) - - - 

Not mentioned 2 ([25, 30]) 14 ([17, 22, 23]) 12 ([4, 9, 14]) 16 ([10, 20, 27]) 17 ([11, 17, 24]) 

 
We aim to elucidate the prevailing interpretations of various types of features in the field 

of crop yield prediction. To advance this inquiry, we document the interpretation categories 

for the five types of input features (four environmental features and one management fea-

ture). Given that certain papers emphasise specific perspectives while excluding the others, 

and the features within the same category may possess diverse interpretations; we expand 
upon the original ten classes by introducing two additional categories: hybrid and not men-

tioned. Table 5 summarises the interpretations in the reviewed literature of these five kinds of 

input features. Evidently, the majority of existing research aggregates spatial-axis inputs, 

focusing on county-level or even wider country-level/region data. Conversely, from a tempo-

ral perspective, various time frequencies are examined, spanning from hourly and daily to 

monthly and annual intervals. 
The majority of interpretation proportions align with our expectations, as evidenced by 

several observations. For instance, meteorological/climate features are predominantly cate-
gorised as spatial-temporal features, while geographical features are perceived as relatively 

static. Moreover, management features are commonly overlooked, consistent with findings 

from prior research [13, 25]. However, two observations deviate from our initial expectations. 

Firstly, soil features are often considered near-static, with only minimal changes over time. 

Nevertheless, a significant proportion of research interprets soil features as temporal, primar-
ily due to the inclusion of soil features related to water, such as soil water content. Excluding 

water-related soil features reveals that most included soil features are time-irrelevant or 

exhibit limited changes over time, such as apparent electrical conductivity and pH. Notably, 

soil features are the only category to contain a hybrid interpretation, as some studies consider 

both water-related soil features and near-static soil features. Secondly, another noteworthy 

observation is that other features are more prevalent than both management and soil features. 
This disparity arises from the inclusion of vegetation indices within this category. Vegetation 

indices, obtained from satellite sensors and measured at specific time frequencies, contribute 

significantly to this trend. However, in this review, we assign less emphasis to vegetation 

indices. For further insights into the significance of vegetation indices in yield prediction, we 

refer readers to [31]. 

We categorise climate features into four sub-classes: i) water-related features encompass-

ing precipitation, humidity, and climate water balance; ii) temperature features including 

minimum air temperature, land surface temperature, and growing degree days; iii) radiation 
features consisting of downward short-wave radiation flux and photosynthetic active radia-

tion; and iv) other climate features such as vapour pressure, evaporation, and day length. Fig. 

5 provides a summary of the frequency of inclusion of each climate feature in the literature. 
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Fig. 5: Weather features evaluation frequency. 
 

 
The data indicates that temperature features are the most commonly studied. Numerous 

studies highlight minimum temperature as a significant meteorological factor influencing crop 

yield [12, 13, 19, 23]. Conversely, maximum temperature is theorised to indicate any potential 

damage to pollen protein during the anthesis period, which is a concept widely accepted in the 
research community. However, empirical evidence varies, with some models assigning less 

weight to maximum temperature and even finding a positive effect [13]. This discrepancy may 

stem from spatial differences and crop variance. Additionally, Growing Degree Days (GDD) 

are widely examined as an indicator of accumulated heat during crop growth. Beyond its role 

in quantifying thermal accumulation, GDD is closely linked to crop development stages, as 
many physiological events from emergence to maturity occur after specific heat thresholds are 

met. This enables GDD to not only assess the suitability of a region for particular crops but also 

predict phenological milestones, maturity, and potential yield. Even when calendar-based 

measures fail to capture biological progress, GDD provides a unified framework for aligning 

phenological timing across regions and years. Sihi et al. identified GDD as the most influential 
climatic factor affecting yield across four evaluated crops [11]. However, excessive 

accumulation of GDD can also signal prolonged exposure to high temperatures, potentially 

accelerating phenological progression, shortening reproductive stages, and intensifying water 

stress, thereby reducing final yield [32–34]. 

Among water-related variables, precipitation emerges as the most frequently investigated 
feature. It is important to note that irrigation is counted as a manipulable feature (instead 

of a climate feature) as it involves human activities. Similar to temperature features, diverse 

conclusions arise from various studies. Precipitation exhibits a larger influence in the later 

stages of crop growth, from anthesis or flowering to harvest [15, 19, 35]. However, some 
research suggests its influence is relatively small compared to other climatic factors based on 

experimental results [21–23]. 

In comparison to water-related and temperature features, radiation features receive less 

attention in the reviewed literature. Nevertheless, radiation features may be crucial during 
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the vegetative phase, particularly before flowering, and play a significant role for crops like 

maize. Other climatic features are sparsely discussed, and their perceived roles are more like 

indirect indicators of the climatic variables we discussed before. 
The reviewed literature contains limited analysis of extreme events, while frost and 

drought are the primary concerns discussed. Although the frequency of frost is gradually 

decreasing with the global warming proceeds, frost after a warm beginning of a season could 

be “dangerous”. Frost during springs and early summers significantly impacts bud-break and 

flowering phases, potentially causing irreparable damage to crops. Conversely, while drought 

is less harmful than frost, it still poses challenges that can be somewhat mitigated by irrigation 
and genetic crop benefits. Under a condition of strong and effective irrigation, mild drought 

may even be beneficial, as warm, dry conditions promote crop growth, whereas warm, humid 

environments increase disease incidence. Additionally, hail, flooding, and extreme winds are 

noteworthy. Hail directly damages crops, as evidenced by a 2014 event in New Zealand that 

resulted in a $45 million loss in the kiwifruit industry [36]. Extensive rainfall can also damage 
crops in areas with poor drainage, such as the 2022 flood in New Zealand, which caused an 

$80 million loss in the kiwifruit industry [37]. While breezes can reduce disease risk by keep-

ing air moving, extreme winds can break crops, leading to significant production losses. El 
N iñ o  and La N i ñ a  events have diverse impacts across regions, lasting from months to years. 

Developing strategies to anticipate and mitigate the economic impacts of these prolonged 

extreme events is imperative. 

 

2.3 Adopted AI/ML Approaches 

We compiled all the assessed AI/ML models from the reviewed literature in Fig. 6, encom-

passing both the proposed methods and baseline approaches. Based on our observations, all of 
our reviewed papers belong to the domain of supervised learning. Supervised learning learns 

a function from the labelled dataset, and its performance is highly related to the quality of the 

dataset. The spectrum of evaluated models, as illustrated in Fig. 6, ranges widely from 

traditional linear regression models to intricate deep learning architectures. Despite the effec-

tiveness of deep learning is well-established in yield prediction tasks, our examination reveals 

that the majority of research focuses on conventional methods such as Random Forest (RF), 
Support Vector Regression (SVR), and the Least Absolute Shrinkage and Selection Operator 

(LASSO). However, numerous studies demonstrated that deep learning models can outper-

form these conventional approaches by a large margin and alleviate the need for laborious 

feature selection at the same time [19, 20, 26]. In the subsequent paragraphs, we will provide 

an overview of the mainstream methods. 

Linear regression. Linear regression stands as one of the most traditional approaches 

for regression tasks, founded on the assumption of a linear relationship between independent 

and dependent variables. This method estimates coefficients of the target function based on 
observed data points. Its accessibility renders it relatively easy to comprehend and imple-ment 

compared to other machine learning techniques, offering inherent transparency and 

explainability to both technical and non-technical users. Consequently, it has emerged as 

the predominant baseline method in regression and explanation tasks. Despite its strengths, 

linear regression assumes linearity — a condition often not met in real-world scenarios — and 
its predictive capacity is comparatively limited compared to advanced techniques like neural 

networks and deep learning models. To address these limitations, several extensions have been 

proposed. Ridge regression and LASSO mitigate overfitting by introducing penalty terms that 

constrain the coefficients of independent variables. Ridge regression shrinks the sum of 

coefficients toward zero, while LASSO, more aggressively, eliminates highly correlated 

variables by setting their coefficients to zero, effectively serving as both a regularisation and 
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Fig. 6: Evaluated models. Note that one paper could evaluate multiple models. 
 

 
a feature selection method. Partial Least Squares Regression (PLSR) combines regression 
analysis with dimensionality reduction techniques like Principal Component Analysis (PCA), 

demonstrating effectiveness in managing high-dimensional datasets. 

Tree-structured ML. Tree-structured models, akin to linear regression, often eliminate 

the need for input rescaling. They iteratively divide features into subsets, irrespective of fea-

ture types, and excel at addressing nonlinear problems. Decision Trees (DT), the fundamental 

tree-structured method, remain foundational in many studies, prized for their explainabil-
ity and resilience to outliers. However, their predictive power is modest and susceptible to 

overfitting with increasing tree depth. Random Forests (RF), an ensemble form of DT, gen-

eralise better by aggregating results from multiple trees and gauging feature importance. 

Nonetheless, this comes at the cost of interpretability and heightened input requirements. 

These methods epitomise the classic representatives of tree-structured machine learning mod-

els with their extensions explored across various research endeavours. Notable among these 
extensions is XGBoost, which is a special implementation of Gradient Boosting Decision Trees 

(GBDT). Unlike the parallel structure of RF, GBDT sequentially implements trees with each 

subsequent tree rectifying the errors of its predecessor. Widely examined in literature, 

XGBoost demonstrates promising predictive power, and efficiency through parallelisation, and 

generalisation. Breiman-Cutler Random Forests (BCRF) is another one that encompasses 
randomness into RF during feature selection to mitigate high correlation issues, thereby 

achieving superior generalisation. 
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Support Vector Regression. Support Vector Regression (SVR) is also a prevalent 

method which parallels classical SVM principles but diverges in objectives. Leveraging kernel 

functions like the Radial Basis Function (RBF) kernel, SVR captures nonlinear patterns 
and aims to find a hyperplane that best fits inputs within a predefined tolerance threshold. 

It exhibits robustness across dimensionalities and to outliers. However, drawbacks include 

limited explainability and sensitivity to parameter tuning. Notably, it has fewer extensions 

evaluated in existing literature compared to other paradigms of machine learning methods. 

Neural Network and Deep Learning. Neural networks, mirroring biological neuron 

structures, have garnered significant attention in recent decades. They offer competitive pre-

dictive power, excel on nonlinear problems, generalise well to diverse data forms, and able to 
autonomously discover patterns from input features, alleviating the need for extensive feature 

engineering. However, their complexity often renders them akin to “black boxes” lacking inter-

pretability. Moreover, their performance hinges on hyperparameter selection necessitating 

extensive experimentation for optimal tuning. With advancing computational power, neural 

network structures have evolved to handle increasingly complex tasks. Convolutional Neural 
Networks (CNNs) are prevalent in encoding images and videos, leveraging hierarchical convo-

lutional and pooling layers to extract features. Long Short-Term Memory (LSTM) networks, a 

prominent Recurrent Neural Network (RNN) variant, employ gate units to discern meaning-ful 

patterns from sequential inputs. Bayesian Neural Networks (BNNs) advocate probabilistic 

interpretations, valuable for tasks requiring uncertainty quantification. Transformer-based 

models, the forefront of recent advancements, employ attention mechanisms for parallelised 
learning of sequential inputs, particularly suited for long-range dependencies. 

Others. In addition to the aforementioned machine learning paradigms, K-Nearest 

Neighbours (KNN) represents another noteworthy approach. Operating as an instance-based 
method, KNN relies on the proximity of data points to make estimations, leveraging either the 

majority class or average value without the need for explicit model training. This sim-plicity 

endows KNN with the versatility to handle diverse input types while maintaining a high level 

of explainability. However, its efficacy diminishes when datasets fail to encompass all potential 

scenarios, limiting its performance in such situations. 

 

2.4 Model Evaluation Metrics 

Lastly, we summarised prevalent metrics assessed in the literature we reviewed in Fig. 7. We 

found that Root Mean Square Error (RMSE) and Mean Squared Error (MSE) are the primary 
metrics employed in regression tasks. In contrast to Mean Absolute Error (MAE), RMSE and 

MSE exhibit greater sensitivity to outliers. The second most common metric is R2, which 

quantifies the goodness of fit by assessing how accurately the predicted points align with 

the ground truth. Additionally, metrics such as Nash–Sutcliffe Efficiency (NSE) and Mean 
Absolute Percentage Error (MAPE) find extensive application in agricultural studies and 

Explainable Artificial Intelligence (XAI). Table 6 provides a summary of prevalent evaluation 
metrics along with their mathematical expressions. 

 

3 XAI Methodologies & Frameworks in Agriculture 

Explainability stands as a central focus of this project and so as this literature review 

and horizon scan. We classify the XAI methods under review according to the hierarchi-

cal taxonomy proposed by Arrieta et al. [2] with some modifications. Methods leveraging 

widely-used, state-of-the-art XAI techniques such as SHapley Additive exPlanations (SHAP), 

Integrated Gradients (IG), and Local Interpretable Model-agnostic Explanations (LIME) are 
directly categorised under these established methods. Alternatively, if the study employs 
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Fig. 7: Evaluation metrics. Note that one paper could use multiple metrics. 
 

 
Table 6: Mathematical expression about various prevalent metrics 
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other methods falling within the post-hoc model-agnostic category, we broadly categorise them 

as perturbation-based, gradient-based or others, which could be instance-based, model 

simplification and so on (see Fig. 8). 

There are versatile properties that an explanation could possess. Gilpin et al. men-

tioned that interpretability and fidelity are both necessary components of explainability 
[38]. Zhou et al. of Data Science Institute (DSI), University of Technology Sydney further 

decomposed these into five properties: interpretability encompasses clarity, broadness, and 
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Fig. 8: XAI methods taxonomy in agriculture, modified from [2]. 
 

 

Fig. 9: Definition of AI explainability and related properties, adapted from [3]. 
 

 
parsimony, while fidelity includes completeness and soundness. These properties range from 

the comprehensiveness to the correctness of the explanation [3] (refer to Fig 9). 

In the reviewed literature intersecting XAI and agriculture, almost all studies focus on 

attribution-based explanations which rank or measure the explanatory power of input fea-
tures, and primarily concentrating on the property of soundness which reflects how accurately 

the explanation captures the correct relationship. This observation aligns with the results in 

their research. However, such ground truth is commonly not accessible. For instance, Hu et al. 

theoretically validated target models’ fidelity by leveraging self-generated data from known 

functions [17]. They used machine learning models to estimate the functions, examining the 
accuracy compared to the ground truth. They then applied the theoretically validated model to 

the yield prediction problem and provided explanations. Similarly, Paudel et al. attempted to 

obtain the ground truth of explanations via domain experts by gathering and combin-ing 

expert ranks and using them as ground truth for the SHAP explanation [15]. Beyond yield 

prediction, other research investigates different properties. For example, Chhetri et al. 
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utilised a knowledge graph to present more intuitive explanations on cassava disease for better 

clarification [39]. 
In general, XAI methods utilised in agriculture can be classified into two main categories: 

i) transparent models, such as linear regression, decision trees, and K-nearest neighbour algo-

rithms, and ii) post-hoc methods. The former methods are widely used as baselines in the 

reviewed literature. In linear regression, linear relationship is approximated by minimising its 

error term. The magnitude and direction of each feature’s contribution could be directly 

observed from the coefficient in the mathematical function. For example, in [17], Hu et al. 

proposed to use the linear regression model to predict crop yield and underscore the trans-
parency and performance of linear regression model, and suggested that the use of complex 

black-box model like neural network could be dangerous. The Bayesian ensemble model they 

proposed successfully reveals two significant change-points in maize cultivation history: i) the 

year 1944 due to hybrid corn adoption and ii) the year 1976 due to a technological slowing-

down. However, transparent models often exhibit limited performance compared to other 

black-box ML methods, attributed in part to the non-linear relationships between climate 
variables and crop yield, as noted by Cai et al. [10]. The latter involves explaining the model’s 

decision-making process after model training, providing insights into how predictions are gen-

erated. Through our examination, we observe that the majority of XAI methods adopted fall 

into the post-hoc category. This preference may stem from the versatility of inputs available 

for yield prediction. 

We further categorise post-hoc XAI methods into four distinct categories: state-of-the-

art (SOTA) XAI methods, perturbation-based XAI, gradient-based XAI, and other model-

specific methods. While these categories may have some overlapping with each other, it is 
crucial to emphasise the importance of employing SOTA methods for explaining yield. Under 

the umbrella of post-hoc explanation, there is a noticeable scarcity of model-specific XAI 

methods in the reviewed literature. This observation may be attributed to the diverse range of 

evaluated baselines, as depicted in Fig. 6, where the utilisation of model-specific XAI methods 

might not ensure fair evaluation across various models. 

SHAP, grounded in cooperative game theory, quantifies feature contributions by com-

paring predictions with and without each feature across all possible combinations. However, 
due to its exponential time complexity concerning the number of features, SHAP is typi-

cally employed in research work with smaller input feature spaces. For instance Paudel et al. 

compared a Neural Network (NN) in deep learning without feature selection and a Gradient 

Boosting Decision Tree (GBDT) with expert feature selection over wheat and maize. Their 

results show that the NN can achieve statistically similar or better performance compared to 

conventional machine learning methods [4]. SHAP is used to accumulate individual feature 
contributions, highlighting important features such as water holding capacity and water-

limited dry weight storage organs. Furthermore, the NN with SHAP identifies the negative 

effect of climate water balance on soft wheat in the early season, which is an insight not antic-

ipated by experts. However, the study noted certain limitations in capturing the influence of 

extreme events. 
On the other hand, Integrated Gradients (IG) is a model-specific method that integrates 

the model’s gradient across input features from a baseline to the actual input. Mateo-Sanchis 

et al. compared monthly features’ contributions using both IG and SHAP across three kinds  of 
features. They found that the explanations between SHAP and IG align in direction but differ 

in magnitude [9]. IG’s usage is expected to be limited, as most reviewed research leverages 

tree-structured models, linear regression, and support vector regression, which do not heavily 

rely on gradients for optimisation. Additionally, Paudel et al. stated that IG is less stable 

than SHAP in their study [4]. 
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LIME, a well-known local explanation method belonging to perturbation-based methods, 

employs simple transparent models to interpret individual predictions made by black-box 

models. It perturbs feature values around the target prediction’s inputs to provide  insights. 
Ahmed et al. leveraged LIME to identify the feature importance for individual sample over 

three types of rice and concluded that the most impactful features are a combination of mete-

orological, agro-chemical, and soil physio-graphic factors [40]. Similarly, Ryo also pointed out 

using LIME to reveal locally important variables can differ from the global ones because 

of the spatial condition difference [21]. Other perturbation-based methods examine trained 

model behaviour by altering inputs to discover patterns for explainability without further 
employing any other transparent models. Perturbation here could involve changes in input 

feature values or the inclusion/exclusion of certain features. For instance, Nayak et al. shuffled 

features value and according to the magnitude of performance changes to determine the 

feature importance [12], while Cai et al. chose to eliminate certain type of feature and see 

the performance difference to rank the feature importance [10]. Notably, perturbation-based 
methods commonly do not require additional assumptions on model structure or optimisation 

processes ensuring their model-agnostic characteristics. 

In contrast, gradient-based XAI is prevalent in research utilising shallow neural networks 
and deep learning models. Gradients are utilised as weights to calculate relevance between 

inputs and predictions. For example, in a trained Convolutional Neural Network (CNN) model, 

inputting an image of a tree produces a prediction along with its probability. By com-puting 

the gradient of the ‘tree’ class with respect to the final CNN layer, the significance of each 

feature map is discerned. Aggregating these contributions through weighted summa-tion and 

activation functions generates a heatmap, highlighting regions most pertinent to the ‘tree’ 
prediction. Not only the conventional 2D CNNs, 1D CNNs are widely employed in research, the 

gradient approach could also offer meaningful explanatory insights. For exam-ple, Khaki et al. 

backpropagated the positive gradients on CNN to find input variables, and proposed that a 

larger neuron’s gradient indicates more important role that feature plays in model prediction 

[19]. 
Table 7 provides an overview of representative works reviewed following the taxonomy 

in Fig. 8. Unlike Fig. 6, the “Models” column herein only includes the primary or best-
performing method, as opposed to all evaluated methods. It is evident that linear regression 

models inherently possess self-explanatory properties, obviating the necessity for additional 

techniques to achieve explainability. Although histograms are commonly employed to visu-

alise feature importance, supplementary explanation methods are requisite for comparative 

analysis with other baselines, particularly black-box models. For example, Hu et al. utilised 

Partial Dependence Plots (PDP) to elucidate explanations obtained from alternative black-box 
baselines [17]. Furthermore, we observed a wider spectrum of visualisation techniques 

employed in various machine learning methods, excluding linear regression. 

While Decision Trees are inherently interpretable models, most studies treat them merely 

as rudimentary baselines, focusing predominantly on Random Forests or Gradient-boosted 

Trees, which lack transparency and necessitate further explication. Perturbation-based XAI 

methods enjoy widespread adoption in these studies, primarily owing to their model-agnostic 

nature. Perturbation-based methods are prevalent not only in tree-structured models but also 
in other machine learning methods. The information summarised in Table 7 illustrates the 

prevalent use of perturbation-based methods, including LIME and SHAP, for achiev-ing 

explainability. Conversely, due to the assumptions of gradient optimisation processes, we 

observe the utilisation of IG and gradient-based methods solely in research involving Neu-

ral Networks and Deep Learning. Adoption of SOTA methods such as LIME and SHAP 
commonly corresponds to specific visualisation techniques; for instance, studies employing 

SHAP commonly utilise Beeswarm plots to interpret the magnitude and direction of feature 
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Table 7: XAI methods used in agriculture. 

 
XAI Methods Publications Models 

 
What Explained? 

FI 1 FC 2 

 

Visualizations3 Important Features4 
Eval 

H5 F6 

Transparent Model 

Transparent Model 

Transparent Model 

[17] 

[13] 

[28] 

LR 

LR 

LR 

✓ ✓ Hist; PDP 

✓ Hist 

✓ Contours map; Table 

T 
 

 
P; T 

✓  
 

 

✓  

SHAP 

SHAP 

[4] 

[22] 

NN&DL 

Tree 

✓ BsP; Hist 

✓ BsP 

Biomass; WHC 

Near-infrared 

✓  

IG;SHAP [9] NN&DL ✓ BsP; Hist T 

LIME [11] Tree ✓ Hist T; WHC  

LIME; Perturbation-based [21] Tree ✓ ✓ BP; Hist; LC; PDP T  

Perturbation-based [10]  SVR ✓ ✓ Hist; LC; Table P; T ✓  

Perturbation-based [29] Custom ✓ BP Irrigation  

Gradient-based [19] NN&DL ✓ Hist Rad; T ✓  

Model-specific [16] Tree ✓ BP P; T  

1 Feature Importance. 
2 Feature Correlation. 
3 Hist denotes Histogram, PDP denotes Partial Dependency Plot, BsP denotes Beeswarm Plot, LC denotes Line Chart, BP denotes Box 

Plot. 
4 Important Features concluded from their research, T denotes Temperature, P denotes Precipitation, WHC denotes Water Holding 

Capacity, Rad denotes Radiation. 
5 H denotes Human-centered evaluation. 
6 F denotes Functionality-grounded evaluation. 

 

 

contributions concerning value changes [22, 25], while those leveraging LIME prefer positive 
and negative axis histograms to depict the magnitude and direction of feature contributions 

[11, 29]. 

At a high level, we categorise “What Explained?” into two types: feature importance 

and feature correlation. It is obvious that feature importance is widely examined across 

research community. Histogram and box plot are the dominant approach to visualise the 

feature importance. Histogram presents high-level overview about feature contributions and 
could averaged the contribution of features across time, space, and crop type, while box plot 

somewhat maintains this information. Due to the potentially interesting pattern of these 

features across different time, many researchers prefer to use the time span as x axis, while the 

importance score as the y axis, combining with their innovations, which generates many cus-

tomised informative plot (see Fig. 10). We record the most important features they conclude 

(“Important Features” column in Table 7), if there are multiple kinds of crop evaluated, we 
record the most important feature for each crop. We can see that features related to temper-

ature are the most important feature concluded by many researchers. However, the feature 

importance is spatial, temporal and crop-type sensitive, it is impossible to claim a feature is 

important without specifying the time, location and crop type. Even under the same afore-

mentioned conditions, different representation of features could result in different outcomes. 
These variations make the parallel comparison across research becoming less meaningful and 

inaccurate. 

Conversely, feature correlation receives comparatively less attention in the literature. We 
suspect the reason is that researchers are more interested in the temporal patterns, while 

advanced correlation analysis without temporal consideration, such as PDP, is already two-

dimensional. Incorporating time into such analyses introduces an additional dimension to 

visualisation, and three-dimensional representation is hard to present in documents. Kern 
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(a) Customize histogram visualization, adapted from [9]. 
 

(b) Customize box plot visualization, adapted from 

[16]. 

Fig. 10: Customized visualization wrt. time. 
 

 
et al. proposed to combine the feature correlation matrix with the histogram to present the 

feature correlation difference across a few months, while the trade-off is changes in pair-
wise features and its influence on yield is ignored [13]. These ignored information could also 

be interesting, for instance, PDP presents in [17] demonstrated that increased precipitation 

and temperature correlate significantly with yield enhancement, with temperature changes 

showing a more pronounced effect according to their use of colour gradients. 

The evaluation of XAI methods often remains overlooked in research endeavours. It is 

arguably out of scope to this project but briefly discussed for the sake of completeness. 
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Assessing explanations holds paramount importance, yielding dual benefits. First, it facil-

itates the comparison of available explanation methods. Despite the inherent challenge of 

lacking a ground truth due to the opaque nature of model internals, it enables the identifi-
cation of preferred explanations. Second, evaluation serves as a litmus test for ascertaining 

whether explainability objectives are met within a given application context, focusing on the 

efficacy of provided explanations [3]. To systematically categorise and analyse the literature, 

we present the taxonomy delineated by both Doshi-Velez and Kim [41] and Zhou et al. of DSI 

[3], classifying reviewed studies into two overarching classes: Human-centered evaluation and 

Functionality-grounded evaluation. The latter, Functionality-grounded evaluation, relies on 
proxy metrics to objectively measure explanation quality without direct human involvement. 

Under the umbrella of Functionality-grounded evaluation, using another transparent 

model to achieve explanation remains relatively scarce in the reviewed literature. Hence, 

there is no such related evaluation in reviewed literature. Evaluation on feature explana-

tion (also known as attribute-based evaluation) emerges as predominant, with most studies 
validating their explanations by assessing model performance deviations with and without 

identified salient features. Notably, Hu et al. adopted a novel approach, validating expla-

nation soundness by employing simulated inputs with ground truth variable importance 

[17]. Example-based explanation also features prominently in reviewed papers, albeit with-

out explicit measures of representativeness or diversity; these examples typically complement 
primary explanation methods or serve as validation aids. 

In contrast, human-centered evaluation, though inherently subjective, provides direct and 

robust evidence-based support for the effectiveness of explanations. While Rojat et al. 

suggested that qualitative evaluation may not be suitable for explanations involving temporal 
patterns [42], a notable exception exists where comprehensive human-centered evaluation has 

been conducted. Paudel et al. [4] engaged several domain experts in feature selection for non-

neural network structured models and conducted a survey to predict the most influential 

features before model training. Furthermore, SHAP explanations were subsequently compared 

with expert empirical predictions to assess explanation quality (see Fig. 11). Domain experts 

also evaluated the magnitude and direction of SHAP explanations using Agree or Disagree 
quadrants (see Fig. 12a). Fig. 12b illustrates a quadrant evaluation on wheat, with numbers in 

brackets denoting the number of experts agreeing with each classification. This human-

centered evaluation represents a noteworthy endeavour and could serve as a guideline for 

future research involving human evaluation. 

 

4 Case Studies of Climate Impacts on Apples, 
Grapes, and Kiwifruit 

In this section, we will conduct case studies on the effects of meteorological/climate conditions 

to crop yield in three types of crops, namely apples, grapes, and kiwifruit in the United States, 

Australia, and New Zealand respectively. Apples, grapes, and kiwifruit are woody perennial 
crops. Most of the prior research has indicated that the woody plant presents stronger cor-

relation to the effects of climate change compared to the herbaceous plant. Therefore, the 

chosen crop types are good instances that can help us to better understand the relationships 

between crop yield and climate conditions. In general, similar to other herbaceous crops, 

apples, grapes and kiwifruit are vulnerable to extreme events like frost, especially in bud-break 
and vegetative phases. All the selected crops prefer warm but dry air condition while the soil 

remains moist. Calm, windless, and moderate temperature are preferred in their flow-ering 

phase. Rainfalls before or during harvest phase could help the fruits to grow larger; 
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Fig. 11: Expert explanation and SHAP explanation on LSTM, adapted from [4]. 

 

 
Table 8: Significant climate features for different growing phases of apples, grapes, 
and kiwifruit. 

 
Dormancy Budbreak Vegetative Flowering Fruitset Veraison Harvest 

Apples Suffic ie nt 
chilling 
hours 

moderate  
temperature 
+ rainfall 

- Moderate 
temperature 
+  rain-free 
+ wind-free 

Warm temperature 
+ moderate  rainfall 

- Cool  temperature 
+ moderate  rainfall 

Grapes Suffic ie nt 
rainfall 

Cool  tem- 
perature + 
moderate  
rainfall + 

less wind 

Warm temperature 
+ less rainfall 

Moderate 
temperature 
+  rain-free 
+ wind-free 

Cool  temperature 
+ moderate  rainfall 

Cool 
temper-
ature  + 
moderate  
rainfall 

Cool  temperature 
+ moderate  rainfall 

Kiwifruit Sufficient 
chilling 
hours + 
rainfall 

Cool  tem- 

perature  + 
moderate  
rainfall 

- Moderate 
temperature 
+  rain-free 
+ wind-free 

Warm temperature 
+ moderate  rainfall 

- Warm temperature 
+ moderate  rainfall 

 
while dry conditions in harvest allows for concentrated flavour, and it is particularly 

relevant to grapes. One thing we noticed is that, different from herbaceous crops, woody crops 

underscore the winter chilling hours – the longer the chilling hours in winter, the better yield 

and flavour the crop could offer in the subsequent year. Due to the literature about apples, 
grapes, and kiwifruit that involves XAI are limited, we extend our investigation to the literature 

related to climate change, and the selected crops as well as their industrial reports. Table 8 

summarises the critical climatic features affecting different growth phases across the three 

types of crops. 
 
 
 

 

23 



 

 

 

(a) Quadrants for expert evaluation. 
 

(b) Expert quadrants result. 

Fig. 12: Expert quadrants and evaluation result, adapted from [4]. 

 

4.1 Apples 

Apples are one of the most common fruits in many countries. With advancements in bio-

genetic and cultivation technology, the annual production of apples has gradually increased; 
however, climate change presents significant challenges. Over the past 30 years, insurance 

claims related to apple production have increased by 175%, indicating that extreme weather 

events are becoming more frequent [43]. Apart from the influence on quantity, research also 

reveals that climate change also appears to cause a reduction in fruit sugars, thinner skin and 

an increase in fruit acidity leading to tarter tasting fruit. The fruit in the climate change 

chambers were producing double the amount of ethylene, suggesting that harvesting will be 
advanced due to the fruit being more mature [44]. 
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Apple growers from the United States provided insights into the effects of extreme event 

on yield, such as in [43]. The grower notes that frost in April and May during the spring in the 

United States can be detrimental to apple growth. Frost can kill young buds and shoots, leading 
to reduced production. In 2012, an early spring with premature heat accumulation caused an 

advanced flowering phase. The subsequent severe frost resulted in a 90% reduction in the apple 

crop, marking the most significant disaster since the 1940s [45]. Recently, from late-spring 

frosts in western Michigan to heatwave in the Pacific Northwest, apple growers saw a nearly 

19% drop in fresh-market apple holdings in June 2021 compared with June 2020 [46]. 

During the bud-break and flowering phases, temperature is a critical variable. Similar 

to other crops, low temperatures can extend the apple growing season [27]. While research on 
herbaceous crops suggests that high temperatures destroy pollen proteins, studies on apples 

indicate that long-term low temperatures delay bud breakage and cause flowering failure, 

negatively impacting production [27]. Additionally, temperatures exceeding 30°C are 

recommended during the blooming phase. Li et al. found that not only temperature but also 
spring rainfall significantly influences apple yield [47]. Rainfall during the flowering phase can 

reduce yield, as it is often associated with low temperatures, complicating the determination 

of causality in this interconnected relationship. 

In the summer, rainfall becomes crucial for apple growth. High summer temperature and 

erratic rainfall can increase environmental humidity creating a hotbed for disease and pest 
damage [43]. Conversely, limited rainfall poses significant challenges to irrigation systems. In 

2018, some apple growers reported the need to entirely rely on irrigation due to a lack of 

rainfall. Despite the pressure on water usage, overall apple production was not significantly 

affected [48]. This scenario aligns with survey results indicating that water features are con-

sidered the least concern for apple growth [45]. However, some growers note that irrigation 

water can lead to smaller apples, while rainfall can promote larger apple growth [43], which 
aligns with the existing research finding [47]. In the United States, heatwaves in June can also 

impact yield and cause negative secondary effects in the supply chain. Discussions about 

autumn are relatively rare, but, analogous to other fruit crops, temperature is likely a crit-

ical factor. High temperatures can accelerate fruit maturity demanding higher requirements 

on storage and transportation. In Australia, the industry noted that mild sunburn browning 
injury often becomes less apparent as fruit colour intensifies toward harvest. Nevertheless, it 

adversely affects the quality of fruit resulting in diminished flavour and a drier texture [49]. 

On the other hand, and surprisingly, there is no clear connection between apple’s size and 

quality found from the reviewed literature. 

Although there are fewer activities for apple growers in winter, this season is crucial for 

apple growth [47]. Winter chilling hours are directly related to the next year’s  yield; the longer 

the chilling hours, the better the yield. Gallardo et al. provided similar conclusions, indicating 
that warm winters can favour pest and disease proliferation, reducing subsequent yields [45]. 

Moreover, warm winters can cause early temperature accumulation, placing early-maturing 

crops at risk of low temperatures and frost. Li et al. also concluded that the El N iñ o - Southern 

Oscillation (ENSO) in winter is highly correlated to the yield, which also validate that the warm 

winter could make negative impact yield on apples yield but exhibit spatial variations [47]. 

 

4.2 Grapes 

Grapes are another common fruit consumed worldwide, and they are also the most crucial 
ingredient for wine making. This case study primarily focuses on the climate effects on grape 

production in Australia. Australia has a well-established and professional grape and wine 
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industry, with significant spatial variance between grape-growing regions. Similar to apples, 

grapes are vulnerable to frost. The occurrence of frost during the bud-break and flowering 

phases can damage young shoots and buds leading to reduced yields [50]. In 2014-2015, non-
seasonal frost events in late spring and summer resulted in substantial yield reductions. 

Mosedale et al. also pointed out the hail and storm could physically damage the vines and 

grapes, leading to immediate yield loss and long-term vineyard damage [51]. 

Apart from frost damage, extreme events such as ENSO and La N i ñ a  can also influence 

grape yield. Compared to La N iñ a ,  ENSO has a relatively smaller impact on grape yield; 

regions such as Riverland even benefit from ENSO teleconnections [50], indicating that grapes 

prefer hot and dry environments rather than cold and wet conditions. La N iñ a  brings rainfall 
along with relatively cold temperatures that can adversely impact grape yield. For instance, 

2023 was the wettest year since 2011 and the coldest year since 2012, resulting in $229 million 

less grape crush used for the wine industry compared to 2022 [52]. Persistent torrential rainfall 
leads to flooding as well; although not many orchards were directly damaged, the secondary 

effects, such as delayed spraying and chemical deficiencies, led to disease. Additionally, La 

N i ñ a  caused delays in harvest time and prolonged the growing duration, which led to supply 

chain pressures and subsequent production reductions. 

Seasonal climatic features can also influence grape yield and quality, presenting diverse 

effects across different growth phases. Unlike apples, discussions about winter chilling hours 
for grapes are limited. Winter rainfall can moisten the soil in advance, which is beneficial 

for grape growing. However, the effect of rainfall during the bud-break phase appears to be 

spatially sensitive. Moderate rainfall in spring is desirable in many regions, aligning with 

research in Europe [28], whereas in the Barossa Valley, drier soil and warmer temperatures 

are preferred [34]. Similar to apples, warmer temperatures in the early stages are not always 
beneficial; they facilitate growth but increase the risk of frost damage [51]. Appropriate cool 

temperatures can delay bud-break slightly; so that as the climate warms, fewer frost days are 

expected and hence reducing the risk. Wind is a factor that many studies have overlooked. 

Windy conditions in spring may lead to uneven growth and a yield drop [34]. 

In summer, grapes are usually in the phases of vegetation, flowering and fruit-set. During 

these phases, rainfall and temperature are crucial for grape yield. Santos et al. concluded that 
higher temperatures and less rainfall in summer could favour higher grape yield [28]. Warmer 

conditions can accelerate crop growth and shorten the growth duration; but anomalously high 

temperatures may result in heat stress, reducing yield by causing berry shrivel or sunburn [50], 

and affecting wine quality due to altered chemical composition of the grapes [51]. While rainfall 

nourishes crops, it also prolongs growth duration and increases the risk of disease and pest 

invasion. The Australian wine industry also points out that the nutrients from rainfall can lead 
to larger canopies, which hinder fruit from receiving adequate solar radiation and require  

regular trimming and hedging to encourage sunlight penetration on bunches [52]. The effects 

of summer wind is also noteworthy and can generate two-fold effect – mild winds can prevent 

disease, whereas heavy winds can negatively influence yield by causing defoliation or even 

breaking the vines. 
At the end of the fruit-set and veraison phases, preferred conditions change slightly. 

Moderate rainfall during these phases is appreciated as it can enlarge the fruit, but it also 
increases air humidity raising the risk of disease. Cooler temperatures are beneficial in these 

phases, as they ensure more even ripening. On the contrary, ripening under higher tempera-

tures may result in increased water stress such that reduce grape quality and yield [51]. For 

example, in 2016, a long-term lack of rainfall in the Barossa Valley resulted in quicker ripen-

ing and smaller grapes [34]. On the other hand, in 2020, long time drought corresponding with 

bushfire and other extreme event led to small crops and reduction in yield nationally. 
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Regarding long-term climate change, there is a widely accepted trend that the globe is 

warming, with increased carbon dioxide (CO2) emissions and reduced global rainfall. It is 

important to acknowledge that the influence of this trend may vary among different grape 
varieties. However, overall, it benefits grape growth by creating more suitable environments 

and enhancing photosynthesis, making more sub-optimal locations viable for grape cultiva-

tion, thereby benefiting the grape and wine industry [28, 50, 51]. However, challenges and 

risks also exist, requiring the grape industry to anticipate, prepare for, and adapt to these 

upcoming opportunities and challenges. For example, different varieties of vines requiring dif-

ferent climates and vines take a long time to establish (commonly 5 years+) and hence there 
is an inherent adaptability problem. 

 

4.3 Kiwifruit 

Kiwifruit are among the most nutritious fruits and is cultivated commercially worldwide in 

diverse regions such as China, Italy, and New Zealand [53]. It brings substantial profit to local 

communities. For instance, in New Zealand, kiwifruit is the largest horticultural commodity 

by value and plays a significant role in the local economy [54]. Due to geographical proximity 

and the woody vine crop type, similar trends are observed in specific years when compared to 
the grape industry in Australia, particularly during the coldest years. In 2014, for example, a 

widespread frost impacted the Australian grape industry, while hail caused substantial losses 

in the New Zealand kiwifruit industry. Additionally, in 2022 and 2023, the cold and wet climate 

conditions caused by La N i ñ a  led to large-scale grape yield reductions in Australia, and the 

kiwifruit industry in New Zealand experienced similar yield reductions, partly due to frost 

and hail [55]. In 2002, a severe frost in late September at the Te Puke region resulted in over 
350 frost insurance claims, with crop losses ranging from 30% to 100% [56]. 

According to the interview in [54], extreme cold events are among the most harmful effects 

to kiwifruit. While hail not only affects the current yield but also impacts the subsequent year 

[36]. However, during years of excessive drought, there is no obvious similarity between these 

two crops. Survey results indicate that drought is one of the least significant concerns for kiwi 

growers, possibly because irrigation can compensate for limited rainfall. Conversely, the top 

problems growers encounter are storms, frost, and floods. The discrepancy between the survey 
results in [30] and interviews in [54] is notable when considering the timing of extreme events. 

The devastating cyclones and floods in 2022 may have led survey participants to emphasise the 

impact of these events, while interviews in 2014 highlighted the damage caused by frost and 

hail. This suggests that qualitative analysis can be subjective and event-sensitive. Furthermore, 

interviewed growers referred to a “lack of predictability” or “increased variability” in weather 

patterns, which is attributed to the effects of ENSO and IPO. 
The effects of seasonal climatic features on kiwifruit yield are analogous to those observed 

in other crops. Temperature is the most critical determinant of yield. An increase in average 
temperature has a dual effect – while warmer conditions can enhance crop growth, they also 

introduce significant risks. Warmer temperatures can extend the growing season, support 

canopy development, and result in higher quality yields, such as increased dry matter [55]. 

Projections of climate change indicate a moderate increase in temperature across all kiwifruit 

growing regions, with an anticipated rise of approximately 1°C by the 2040s and 2°C by 
the 2090s [57]. Due to such underlying warming trends, warmer temperatures can also make 

previously sub-optimal regions suitable for cultivation. 

However, warmer temperatures elevate the risk of invasive pests and diseases, as well as 

frost exposure due to early bud breaking. Warmer spring temperatures may hinder consistent 
bud-break and king flower production, and extreme heat during summer can cause heat stress 

and increase water demand for both crops and growers. Additionally, warmer winter 
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temperatures can disrupt crop dormancy leading to reduced yields. Kiwifruit requires 950 to 

1100 hours of exposure to temperatures below 7.2°C to ensure adequate bud burst in spring, 
similar to apples [54]. Both green and gold varieties are impacted by a reduction in winter 

chilling; however, green varieties typically experience a more significant decline in both fruit 

yield and quality [58]. To address the insufficient winter chilling hours, kiwifruit growers used 

chemical bud break enhancers to compensate for the winter chilling variance [58]. Although 

such products may be de-registered for use in the New Zealand kiwifruit industry, as has 
occurred in the European Union, existing research has already begun seeking alternatives to 

meet upcoming climate and policy challenges [59]. 

The influence of rainfall on kiwifruit is relatively minor compared to temperature. Rain-

fall during dormancy is necessary to maintain soil health. During the flowering phase, rainfall 

negatively impacts kiwifruit yield, as calm, windless, and rain-free conditions are preferred. 
Moist conditions in spring and autumn are also detrimental to kiwifruit yield [54], and exces-

sive rain increases the risk of flooding and is closely linked to kiwifruit vine decline syndrome 

(KVDS) [36]. During the harvest phase, adequate rainfall or irrigation is crucial to support fruit 

enlargement and prevent water stress [56]. In addition to temperature and precipita-tion, solar 

radiation is also a significant factor. Radiation during the early stages of growing season 

supports photosynthesis and energy accumulation for growth, while in the late grow-ing 
season, it aids in cell division and the accumulation of sugars and other dry matter [56]. Cloudy 

weather is generally unfavourable for kiwifruit development [54]. However, it is chal-lenging 

to assert this effect definitively due to the high correlation between cloudy conditions and 

temperature. 

 

5 Part II Conclusion 

The objective of this project is to identify a robust and repeatable framework by which Agri-

cultural AI models can be used to understand the implications of climate change and other 

risks on agricultural crop outcomes. During our literature review, we noticed a significant 

challenge that current research faces, which is counterfactual explanations due to feature cor-

relations. For instance, Newman and Furbank observed that increased herbicide application 

correlates with decreased yield [16]. Following such explanations to improve yield would likely 
result in weed proliferation, thus reducing crop yield. The counterfactual explanation may stem 

from the land being in poor condition, necessitating herbicide application, thus leading to the 

conclusion that herbicide application reduces yield. 

Several factors may contribute to these counterfactual explanations. First, insufficient fea-

tures can lead to causal confusion. Expanding on the previous example, providing additional 

field information might enable the model to discern spatial differences, potentially rectifying 

causal relationships. Second, the significance of individual features may be diluted by other 
highly correlated features, rendering their explanations inaccurate. For example, the inclusion 

of soil moisture might diminish the contributions of irrigation and precipitation. A potential 

solution is to pre-select features by calculating mutual information or correlation to include 

independent variables for training. 
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Part III 

Yield and Climate Data Preparation 

6 Part III Introduction 

In this project, our primary goal is to analyse the impact of extreme weather events on 

agricultural yields, with a specific focus on grapes in Australia, kiwifruit in New Zealand and 

apples in the United States. Part III of this report centres around data collection, which is 

critical for achieving two key project objectives: 

• Identifying extreme weather events using climate data, involves establishing a 
relationship between climate patterns and these events through proper labelling. 

• Assessing the impact of extreme weather on crop yield by integrating climate data, 

extreme weather event data, and crop yield data. The extreme weather event data 
will likely be derived from the first objective. 

To achieve these objectives, we need robust datasets that encompass both climate and yield 

data. In Part III, we outline the methods that we used to collect the necessary data and explain 
the rationale behind our selection of datasets. Specifically, we focus on the collection of climate 

and crop yield data. 

For Australia, we sourced SILO and IBM climate datasets and farm-level grape yield data 

from The Yield Technology Solutions (now Yamaha Agriculture), while extreme event records 

from the Bureau of Meteorology (BoM) were manually compiled as auxiliary information 

to support downstream analysis. For New Zealand, we collected daily climate data from 
weather stations and linked it to the yield data of kiwifruit farms from The Yield Technology 

Solutions (now Yamaha Agriculture). We ensured that the climate data adequately covered the 

same period as the yield data, making it suitable for our analysis. For the United States, we 

gathered both state-level and county-level climate and yield data for apple production. The 

state-level data provides a comprehensive overview, allowing for the analysis of climate impact 
across multiple states. However, variability within states required us to focus on data from the 

counties with the highest apple yields. At the county level, while the data offers greater 

granularity, it comes with limitations, such as outdated yield data and a lack of ground truth 

for extreme weather events. 

By collecting this data, we aim to establish a strong foundation for the next phases of 

the project, where we will analyse extreme weather events and their effects on agricultural 

production. 

 

7 Australian Data - State-Level Extreme Event 

Since both the Australia climate and grape yield data were readily available, we only focus on 

extreme event data collocation in this section. Please note that a comprehensive data retrieval 

and modelling on climate extreme events will be conducted in Part V later in this report. 

Australian agricultural landscape is highly sensitive to climate variability, making it essen-

tial to track extreme weather events with care. To the best of our knowledge, there is no publicly  

available dataset that recorded the extreme events across Australian states with 
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comparable temporal coverage and detail. To incorporate extreme event information into our 

yield prediction modelling, we compiled a dataset of significant weather events at the state 

level using authoritative reports from the Bureau of Meteorology. While the process involved 
manual interpretation of descriptive and visual materials, the resulting dataset offers a struc-

tured summary of major events spanning nearly two decades. This section outlines how the 

data were collected, what information is included, and a brief overview of the dataset. 

 

7.1 Data Collection Method 

Extreme event records were manually compiled from the Bureau of Meteorology’s Special 

Climate Statements2, which provide detailed commentary on significant weather and climate 

anomalies across Australia. These reports, issued irregularly between 2006 and 2024, offer 
insights into events that are unusual in the context of local climatology. In total, 71 statements 

were reviewed. 

All reports are published as PDF format and often rely on expert visualisation to com-

municate spatial impact. Since structured data tables were rarely provided, we opted for a 

coarse annotation approach. Specifically, we assessed each report to determine which states 

were affected. A state was considered impacted if the majority of its area, as described or shown 
in the report, was involved in the event. For each confirmed case, we manually recorded the state 

name, the start and end dates of the event, and the event type as described in the report. 

While this method introduces a degree of subjectivity and lacks sub-state resolution, it 

offers a consistent framework for compiling nationwide extreme event records in the absence 

of machine-readable alternatives. 

 

7.2 Datasets Information 

The final dataset includes 188 records. This count exceeds the number of source reports, as 

many events impacted multiple states and were recorded separately for each one. Each record 
includes: 

• State: The affected Australian state or territory. 
• Start Date: The beginning date of the event within the state. 
• End Date: The end date as reported. 
• Event Type: Categorised as Heat, Cold, Rain, Drought, or Storm. 
• Report ID: The associated Special Climate Statement number from BoM. 

 

7.3 Summary 

This manually assembled dataset provides a high-level view of extreme weather patterns across 

Australia, capturing events of national relevance over an 18-year period. Although limited by 

its spatial granularity and interpretive nature, the dataset reflects information drawn directly 

from the country’s most authoritative climate reports. As such, this dataset serves as a valuable 
resource for linking climate extremes to agricultural or environmental outcomes, particularly 

when finer-resolution meteorological data are lacking. 
 

2http://www.bom.gov.au/climate/current/statements/  
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8 New Zealand’s Data - Climate & Kiwifruit Yield 

In this section, we first summarise our data collection methods and then provide detailed 

information. 
 

8.1 Data Collection Method 

We already obtained Kiwifruit Yield Data spanning from 2016 to 2024. Additionally, using the 

combined information AP provided by CliFlo3, we downloaded daily climate data from 318 

stations, encompassing 11 features. CliFlo is a web-based system that provides access to 

New Zealand’s National Climate Database, managed by National Institute of Water and 

Atmospheric Research (NIWA) 

Upon reviewing the API, we found that it allows us to download combined information 

such as Sun (hours), Radiation (MJ/m²), Cloud Cover (octas), Visibility (km), Gale occur-

rences, Snow, Hail, Lightning, Thunder, Fog, and more. We can also download specific data 

like rainfall, surface wind, and minimum and maximum temperatures. However, not all sta-

tions provide all of this information; the available features vary between stations. The climate 
data generally ranges from December 2008 to January 2021, covering approximately 12 years, 

though data availability varies between stations. 
Here is a summary of the datasets: 

• Kiwifruit Yield Data: This dataset includes yield data from 2016 to 2024, covering 
3,437 farms. 

• New Zealand’s Climate Data: We have daily climate data from 318 stations, 

covering 11 key features: WDir(Deg), WSpd(m/s), GustDir(Deg), GustSpd(m/s), 

WindRun(Km), Rain(mm), Tdry(C), TWet(C), RH(%), Tmax(C), Tmin(C), and 
Rad(MJ/m2). 

8.2 Datasets Information and Assignments 

To match the climate data with the kiwifruit farms, we identified the 10 nearest stations 

for each of the 3,437 farms listed in the kiwifruit yield dataset and verified the availability 

of corresponding climate data. The results indicate that for all farms, at least one of the 10 

nearest stations has associated climate data. We also calculated the distance between each farm 
and the nearest available station. The distribution of these distances is shown in Fig. 13. As 

seen in the figure, nearly all farms are located within 15 km of a station, with the majority 

within 10 km. 

Additionally, we verified the date range for each farm’s yield data and cross-referenced 

it with the corresponding climate stations to ensure data coverage for the same period. The 

results indicate that most of the required years are sufficiently covered. We visualized the 

coverage of climate data for both farms and stations across different years, as shown in Fig. 14, 
Fig. 15, and Fig. 16. 

 

8.3 Summary 

For the New Zealand climate data, we identified the 10 nearest stations for each of the 3,437 

farms listed in the kiwifruit yield dataset and verified the availability of corresponding climate 

data CSV files. The results indicate that for every farm, at least one of the 10 nearest stations 

has associated climate data. We also verified the date range for each farm’s yield data and 
 

3https://niwa.co.nz/climate-and-weather/national-climate-database 
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Fig. 13: Distance of the Nearest Weather Station from a farm. The histogram displays 
the distribution of the nearest distances between farms and their closest stations where 
climate data is available. 

 

Fig. 14: Number of Farms Covered for Each Year: This chart shows the number of 

farms with climate data coverage per year, highlighting how many farms have full data 
availability over time. 
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Fig. 15: Number of Stations Covered for Each Year: This chart represents the number 
of climate stations that have data for the respective years. It’s useful for identifying if 
station coverage remains consistent or fluctuates over time. 

 

 

Fig. 16: Farm Coverage Across Years: The bar chart shows the percentage of coverage 
by year; each bar represents the percentage of data marked as ”Covered” for each year. 
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cross-checked whether the corresponding stations provided climate data for the same years. 

The findings reveal that most of the required years are adequately covered. Based on these 

results, we conclude that the daily combined climate data are suitable for analysis. 

 

9 The United States’ Data - Climate & Apple Yield 

In our project, we aim to collect yield data along with the corresponding climate data. There 

are two possible approaches to achieve this: 

• Pairing state-level climate data with state-level yield data. 
• Pairing county-level climate data with county-level yield data. 

The details of these two approaches will be discussed in Sections 9.1 and 9.2, respectively. 

 

9.1 State-Level Data Collection 

In this section, we provide an overview of our state-level data collection process, followed 

by a detailed explanation of the method and findings, and conclude with a summary of the 
finalised datasets. 

 

9.1.1 Data Collection Method 

For our state-level data collection, we aimed to compile apple yield data at the state level 
and pair it with corresponding climate data. Our objectives were to focus on states that 

significantly contribute to the United States’ apple production and to ensure that the years 

covered by the yield data overlap with those of the climate data.  
Here are the steps we took for the data collection: 

1. We collected state-level apple yield data for states with a high proportion of apple 
production in the United States. 

2. We attempted to gather climate data corresponding to these states. However, we 
were unable to find climate data aggregated at the state level. 

3. We considered whether county-level climate data could serve as a proxy for state-
level climate data. Using Washington State (WA) as an example, we selected climate 
data from nine counties distributed across different regions of the state (the specific 
reasons for selecting these nine counties will be detailed later). By comparing the 
climate data among these counties, we assessed the degree of climatic variation. If 
the differences were minimal, county data could approximate state climate data; if 
significant, county data would not adequately represent the state’s climate. 

4. We analysed the trends in temperature, precipitation, wind speed, and other cli-
matic factors among these nine counties from 2000 to 2024. We also calculated 
the daily and annual coefficients of variation (CV) for these counties. Our analysis 
revealed substantial differences among the counties, indicating that they could not 
collectively represent the state’s overall climate conditions. 

5. To minimise discrepancies between climate data and yield data, we took into 
account that apple production within a state is often concentrated in a few coun-

ties. Therefore, we identified the counties with the highest apple production and 
used their climate data to represent the state’s climate. Again using WA as an 
example, we learned that WA has five main apple-growing regions that follow the 
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Table 9: State Percentage for Apple Yield Data in the United States 
 

State Percentage in the United States (%) 

Washington (WA) over 60% 

New York (NY) 10%-15% 

Michigan (MI) 6%-8% 

Pennsylvania (PA) 4%-5% 

California (CA) 3%-4% 

Virginia (VA) 2%-3% 

Oregon (OR) 2%-3% 

North Carolina (NC) 1%-2% 

Ohio (OH) less than 1% 

Missouri (MO) less than 1% 

 
cool, rushing waters of the Columbia River and its tributaries. Consequently, we 
collected climate data from all counties within the Yakima Valley, Columbia Basin, 
Wenatchee Valley, Lake Chelan, and Okanogan regions, totalling 11 counties. We 
intend to map the climate data of these 11 counties to WA’s apple yield data to 
establish the relationship between climate variables and apple production. 

We now present the details and findings of our data collection process. For state-level data 

collection, our goal was to gather state-level apple yield data and pair it with corresponding the 

United States’ state-level climate data. Initially, we identified the top 10 apple-producing states 

and their respective production percentages, as shown in Table 9. 

Based on Table 9, we focused on collecting apple yield data from states that contribute 

significantly to overall the United States production. We successfully obtained state-level apple 

yield data from 2007 to 2023 for key states, including Washington (WA), New York (NY),  
Michigan (MI), Pennsylvania (PA), California (CA), Virginia (VA), Oregon (OR), and others. 

Next, we aimed to obtain the corresponding climate data for these states. While we 

successfully gathered some state-level yield data, we encountered a lack of matching climate 

data at the state level. To address this gap, we explored whether county-level climate data could 

reasonably represent state-level climate conditions or if state climate data could be estimated 

using county-level data. To investigate this, we analysed county-level climate data, and the 

results are presented below. 
We selected Washington (WA) as a case study and chose nine airports across the state: 

Yakima Airport, Pullman Moscow Regional Airport, Vancouver Pearson Airport, Spokane 

International Airport, Bellingham International Airport, Quillayute Airport, Wenatchee 

Pangborn Memorial Airport, Shelton Airport, and Friday Harbor Airport. These locations 

are marked on the map in Fig. 17. The reasons for selecting these airport locations are as 

follows: 
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Fig. 17: The Selected Nine Counties in WA 

 
• These stations provide data from January 1, 2000, to September 8, 2024, offering 

more comprehensive coverage compared to many other stations, which lack such 
long-term data. 

• The selected locations are geographically distributed to broadly cover the entire 
state of Washington. 

• The data from these airport stations are more complete, offering a wider range of 
features compared to stations in other counties. 

After downloading the climate data for these counties, we evaluated the variance between 

different locations by comparing the climate trends and calculating the coefficient of variation 

(CV) for each county. The dataset consists of various weather attributes recorded at different 

airport stations in WA, including columns such as AWND (average wind speed), FMTM (time 
of fastest mile or fastest 1-minute wind), PGTM (peak gust time in HHMM), PRCP 

(precipitation), TMAX (maximum temperature), and TMIN (minimum temperature), among 

others (which can be found in Fig. 46 of Part VI in this report). 

 

Trends Comparison 

As shown in Fig. 18, we compared the climate data from nine counties within Washington 

(WA), focusing on six climate features: AWND, FMTM, PGTM, PRCP, TMAX, and TMIN. The 

trend comparison charts are presented below. Based on the analysis, it is challenging to 
conclude that the differences between the counties are insignificant. Therefore, to determine 

whether the climate data from the nine counties is similar or different, we conducted further 

analysis by calculating the Coefficient of Variation (CV). 
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(a) AWND (b) FMTM 

 

 

 
(c) PGTM (d) PRCP 

 

 

 
(e) TMAX (f) TMIN 

Fig. 18: Climate trends for nine counties in Washington (WA), covering the period 
from January 1, 2000 to September 8, 2024. 
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(a) AWND (b) FMTM 

 

 

(c) PGTM (d) PRCP 

 

 

(e) TMAX (f) TMIN 

Fig. 19: CV comparison for nine counties in Washington (WA) on a daily basis, 
covering the period from January 1, 2000 to September 8, 2024. 

 
 
 
 
 
 
 
 
 

 
38 



 

 

  

(a) AWND (b) FMTM 

 

 

(c) PGTM (d) PRCP 

 

 

(e) TMAX (f) TMIN 

Fig. 20: CV Comparison for Nine Counties on an Annual Basis 
 

 
Coefficient of Variation (CV) Comparison 

We calculated the CV for nine counties on both a daily and annual basis, and the results 

are presented in Fig. 19 and Fig. 20, respectively. The calculated CV is notable and shows 

variability across the dataset. The Coefficient of Variation (CV) for each weather feature is 
calculated using the following formula: 

CVw = 
  σw  

E (wi) 
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Where σw is the standard deviation of a weather feature across stations, and E (wi) is the mean 
of the weather feature across stations. 

We computed the CV separately for six weather features: AWND, FMTM, PGTM, PRCP, 
TMAX, and TMIN. For each feature, we calculated the mean (E (wi)) and standard deviation 

(σw ) across all stations, and subsequently computed the CV for each day and each year. 

Based on the results, we found the CV to be significant, indicating substantial variability. 

This suggests that county-level data may not adequately represent state-level climate condi-
tions. To address this issue, we propose focusing on the key counties that contribute the most 

to apple production. This approach involves selecting counties with the highest apple yields, 

analyzing their climate data, and then mapping it to the overall state-level yield data. 

 

9.1.2 Datasets Information 

For the state-level data, we have obtained the following datasets. 

• Apple Yield Data (2007–2023): We have comprehensive state-level apple yield data 
spanning from 2007 to 2023. 

• The United States’ Climate Data (2006–2023): Climate data is available for four 

key apple-producing states: Washington (WA), Michigan (MI), California (CA), and 
Pennsylvania (PA). This dataset covers a wide range of weather variables, including 
temperature (TMAX, TMIN), precipitation (PRCP), wind speed (AWND), and 
other relevant climate indicators. 

This comprehensive dataset enables us to explore the relationships between climate vari-

ability, extreme weather events, and apple production across multiple states over a significant 
time period. By leveraging this data, we aim to develop insights that can inform future 

agricultural practices and policies to mitigate the impacts of climate change on apple yields. 

 

9.2 County-level Data Collection 

9.2.1 Data Collection Method 

For the county-level data collection, our objective is to gather yield data at the county 
level paired with corresponding climate data. The data collection approach is summarised as 

follows, with further details and findings provided in the subsequent section. 

• Collection of county-level yield data. 
• Collection of climate data for the corresponding counties, ensuring the climate data 

spans the same years as the yield data. 

For the county-level yield data, we have collected information from 171 counties across the 

following states: Pennsylvania, New Jersey, Virginia, South Carolina, New Mexico, and Kansas. 
These six states have been highlighted on the map to observe variations in yield and climate 

across different regions, as shown in Fig. 21. 

 

9.2.2 Datasets Information 

For the county-level data, we have obtained the following datasets: 

• We have county-level apple yield data for Pennsylvania (PA), Virginia (VA), Kansas 
(KS), New Jersey (NJ), New Mexico (NM), and South Carolina (SC). The 
availability of yield data varies by county, spanning roughly from 1985 to 2012. 
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Fig. 21: The States with County-level Yield Data 

 
• We have county-level climate data for PA, VA, KS, and NJ, covering approximately 

the same period, from 1984 to 2012. This dataset includes key weather variables 
relevant to agricultural productivity, such as temperature, precipitation, and wind 
speed. 

• We do not have ground truth data for related extreme weather events at the county 
level. Therefore, we are considering the use of state-level climate data to account 
for the impact of extreme weather events. 

 

9.3 Summary 

For state-level data, we conclude the Pros and Cons as below: 

• Pros: The state-level data is comprehensive, including apple yield, climate data, 
and corresponding ground truth for extreme weather events. This allows for a well-
rounded analysis of the factors affecting apple production across multiple states. 

• Cons: There is significant variation in climate conditions between different counties 

within the same state, making it difficult to generalise state-level climate using data 
from just one or a few counties. However, we have addressed this issue by focusing 
on the climate data from the counties with the highest apple yields and using this 
as a proxy for state-level climate. 

For county-level data, we conclude the Pros and Cons as below: 

• Pros: Both the yield and climate data are collected at the county level, allowing for 
a more precise estimation of how climate impacts apple yield. This granularity 
provides deeper insights into the relationship between local climate conditions and 
production outcomes. 
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• Cons: Except for Pennsylvania (PA), the other states (Virginia, Kansas, New Jersey, 
New Mexico, and South Carolina) contribute only a small percentage to the United 
States’ apple production, making the data less representative on a national scale. 
What’s more, the available apple yield data for these counties are relatively old, 
spanning from 1985 to 2012, and there is no ground truth for extreme weather 
events. 

 

10 Part III Conclusion 

In Part III of this project, we focused on the crucial task of data collection to meet two primary 

objectives: i) identifying extreme weather events through climate data and ii) assessing their 

impact on crop yields. By gathering both climate and yield data, we have laid the groundwork 

for a comprehensive analysis that will enable us to establish relationships between extreme 

weather events and agricultural production. 

For New Zealand, we successfully matched climate data from 318 stations with yield data 

from 3,437 kiwifruit farms. Our analysis confirmed that for each farm, at least one of the 
ten nearest stations provided climate data, with most stations offering adequate coverage over 

the required years. These results ensure that the collected climate data is suitable for further 

analysis, particularly in assessing the impact of weather on kiwifruit yields. When examining 

the United States’ apple production, we considered both state-level and county-level data. At 

the state level, the data is comprehensive, providing a broad overview of yield, climate 
conditions, and extreme weather events across multiple states. However, significant climate 

variation within states poses challenges for generalising state-level data. To address this, we 

focused on data from the counties with the highest apple yields, using this as a proxy for 

state-level climate. At the county level, the granularity of data allows for a more precise analysis 

of local climate impacts on apple production. However, the contribution of most states, except 

Pennsylvania, to national apple production is small, which limits the representativeness of the 
data. Additionally, the county-level apple yield data is somewhat outdated, spanning from 1985 

to 2012, and lacks ground truth for extreme weather events. 

Overall, the data collected at both the state and county levels provides valuable insights, 
but challenges remain in terms of data representativeness and the absence of up-to-date 

ground truth for extreme weather events. Despite these limitations, the current dataset forms 

a strong foundation for the next steps in our analysis, including labelling extreme weather 

events and evaluating their effects on agricultural yields. 
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Part IV 

XAI Baseline Model Evaluation 

11 Part IV Introduction 

Part IV of this report focuses on evaluating our Explainable Artificial Intelligence (XAI) 

baseline models for crop yield prediction, including demonstration and testing of the latest 

XAI concepts. We completed our experiments on kiwifruit yield data with relevant New 

Zealand’s climate data. Note that the selection of New Zealand’s datasets was mainly due to 

the business needs at that particular stage of the project. Based on our extensive evaluations of 

our experiment results, we identified the limitations of the existing XAI methods on climate in 

agriculture yield prediction and defined opportunities for the later stages of this project.  
Nowadays, model explainability has become a crucial aspect in the development and 

application of artificial intelligence, particularly for complex models such as deep learning and 

tree-based models. Explainability in XAI enhances model transparency, trustworthiness, and 

ability to uncover insights, which are essential for practical deployment in nearly everywhere, 

such as healthcare [60], finance [61], and environmental science [62], while there is still a lot 

of room for improvement in agriculture’s applications. By providing explanations for model 
predictions, XAI techniques help users to understand the reasoning behind inferred results 

from a XAI model, thereby improving its acceptance and trustworthiness [63]. 

In Part IV, the goal of our experiments is to evaluate popular explanation methods, e.g., 

Local Interpretable Model-agnostic Explanations (LIME) and SHapley Additive exPlanations 

(SHAP), and to identify their strengths and limitations on climate data. Through empirical 

analysis, we assessed the performance of these methods under different types of AI mod-

els, including tree-based models such as eXtreme Gradient Boosting (XGBoost), regression 
models such as Support Vector Regression (SVR), deep learning models such as Convolu-tional 

Neural Network (CNN), and probabilistic density modelling models such as Gaussian Mixture 

Model (GMM), and summarised their respective advantages and drawbacks. 

This evaluation provides insights into the effectiveness of current XAI methods and inform 

the development of potential solutions for overcoming their limitations. We evaluated our 

baseline models on three varieties of kiwifruits: i) Gold Kiwifruit Conventional (GA Con-

ventional), ii) Green Hayward Conventional (HW Conventional), and iii) Green Hayward 
Organic (HW Organic); and using three sources of climate data: i) quarterly NIWA dataset 

from The Yield Technology Solutions (now Yamaha Agriculture), ii) quarterly IBM dataset 

from The Yield Technology Solutions (now Yamaha Agriculture), and iii) daily climate data 

from the National Institute of Water and Atmospheric Research (NIWA) CliFlo platform4. 

 

12 Prediction Models & XAI Methods 

12.1 Yield Prediction Methods 

To review relevant AI methods comprehensively, we prepared our baseline yield prediction 

models using a diverse range of approaches, including both discriminative and generative 
models. Discriminative models focus on learning the boundaries or relationships between 

 

4https://niwa.co.nz/climate-and-weather/national-climate-database 
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input features and target outputs to make direct predictions. In contrast, generative models 

aim to capture the underlying data distribution and generate new scenarios that resemble the 

original dataset. In our experiments, we selected discriminative models, XGBoost, SVR, and 
1D-CNN, and a generative model GMM for evaluation. A brief introduction to each of the 

models are provided below: 

• eXtreme Gradient Boosting (XGBoost) [64] 
XGBoost is a highly efficient and scalable implementation of gradient boosting. 
It builds an ensemble of decision trees sequentially, optimising a loss function at 

each step. Known for its speed and accuracy, XGBoost is widely used in predictive 
modelling tasks. In yield prediction, it can effectively handle non-linear relationships 
and feature interactions, making it ideal for complex agricultural datasets. 

• Support Vector Regression (SVR) [65] 
SVR is a regression algorithm based on the principles of Support Vector Machines 
(SVM). The aim is to find a hyperplane that fits the data within a defined margin 
of tolerance. SVR is particularly effective for datasets with limited size or noise, as 
it minimizes overfitting by focusing only on data points that define the margin. This 
makes it a valuable tool for yield prediction when precise, smooth output is 

required. 
• 1D Convolutional Neural Network (1D-CNN) [66] 

1D-CNN is a deep learning model designed to extract features from sequential or 
temporal data. Convolutional operations are applied along a single dimension, mak-
ing them suitable for time-series data such as climate variables or crop growth stages. 
For yield prediction, 1D-CNN can automatically learn complex patterns from raw 
data, capturing temporal dependencies that other models might miss. 

• Gaussian Mixture Models (GMM) [67] 

GMM is a probabilistic model that assumes observations were generated from a 
mixture of several Gaussian distributions with unknown parameters. GMM is well-
suited for clustering and density estimation, as it models the underlying probability 
distribution of the observations. In the context of yield prediction, GMM can help 
identify latent patterns or clusters in the data, such as different growing conditions 
or yield categories. 

 
Performance Metric. 

The R-squared (R2) score is a key evaluation metric for the yield prediction models high-lighted 
above. It measures the proportion of variance in the observed data compared to the average 

value. An R2 score of 1 indicates perfect prediction, 0 means the model performs no better than 
using the average value as prediction, and negative values signify performance worse than the 

average. A higher R2 score reflects better predictive performance, indicating the model’s ability 
to effectively capture the relationships between input climate features and yield. Table 10 

provides a detailed comparison of the R2 scores for each of the AI models obtained from our 
preliminary experiments, offering insights into their effectiveness in yield prediction. 

The performance of the prediction models, as reflected by their R2 scores, directly impacts 

the reliability of the explanation models. Explanation models interpret the features captured 

by prediction models, and more accurate predictions lead to more reliable explanations. When 
prediction models effectively represent reality, the explanations derived from them are more 
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Table 10: R2 Score for Each of the AI Models on Different Types of Kiwifruit 
 

Datasets 
Kiwifruit Types AI models   

 

 NIWA IBM Daily 

 
XGBoost 0.1853 0.1866 0.2078 

 

GA Conventional  
SVR 0.1603 0.1634 0.1950 

 1D-CNN 0.2134 0.2314 0.1953 

 GMM 0.1511 0.1189 0.1953 

 
XGBoost 0.2883 0.2917 0.2338 

 
HW Conventional 

SVR 0.2874 0.3011 0.2372 

 1D-CNN 0.3484 0.3553 0.2343 

 GMM 0.2984 0.2819 0.2338 

 
XGBoost 0.3269 0.3160 0.2894 

 
HW Organic 

SVR 0.2757 0.3041 0.2920 

 1D-CNN 0.1857 0.3450 0.3554 

 GMM 0.2570 0.195 0.2834 

 

likely to align with domain knowledge or expert insights. This consistency fosters trust in both 

the explanations and the AI models. 

 

Why We Included the R2 Score in Our Investigation? 

The R2 score is a crucial metric for comparing the performance of various AI models, helping 

us identify which experimental results warrant further analysis. Given the extensive number 

of experiments conducted, it is not feasible to include an analysis of all results within a 
single report. Instead, we focus on a subset of experiments for detailed analysis across four 

dimensions, which we will cover in Section 14 and Section 15. For instance, Table 10 shows that 

CNN generally performs best in most scenarios. Therefore, when fixing one AI model while 
varying other parameters, we selected CNN for our analysis.  

Additionally, comparing AI models with similar parameters but varying performances 

provides valuable insights into how performance impacts the quality and consistency of expla-

nations. An important finding from our analysis is that the explanations generated by the same 
XAI method can vary significantly depending on the performance of the AI model, even under 

identical parameter settings (it will be discussed in Section 14.1). This high-lights the 

interplay between AI model performance and explanation quality, underscoring the 

importance of selecting high-performing models for robust and reliable explanations. 
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Fig. 22: Global Explanations VS Local Explanations [5]. In this figure, we provide a 
brief illustration of global explanations and local explanations, respectively. 

 

12.2 XAI Methods 

XAI is a critical component in artificial intelligence, which is particularly suitable to use in  the 

agriculture domain such as yield prediction. By understanding how AI models capture the 
influence of climate features on yield, researchers and practitioners gain confidence in the 

predictions of these models. This transparency does not only enhance trust but also facilitates 

better decision-making, especially in agriculture, where the relationship between 

environmental factors and crop yield is often complex. In this context, XAI bridges the gap 

between sophisticated AI techniques and practical agricultural insights. 

XAI methods can be broadly categorised into global explanations and local explana-

tions, as shown in Fig. 22. Global explanations provide an overarching view of how a model 
makes predictions across the entire dataset, enabling an understanding of general patterns and 

feature importance. Examples include feature importance scores and SHapley Additive 

exPlanations (SHAP) summaries. Local explanations, on the other hand, focus on specific 

predictions, offering insights into how individual inputs lead to particular outcomes. Tech-

niques like Local Interpretable Model-agnostic Explanation (LIME) and instance-level SHAP 

fall under this category. 

 

Pros and Cons of Global and Local Explanations. 

Global explanations excel at uncovering general trends and ensuring the model aligns with 

domain knowledge, making them ideal for high-level insights. However, they may overlook 

nuances and fail to address individual predictions. Local explanations, while excellent for 

understanding specific cases, can be computationally intensive and may not generalise well 

across the dataset. Combining both global and local explanation methods allows stakeholders 
to gain a comprehensive understanding, ensuring robust and reliable AI applications in yield 

prediction. Next, we will introduce SHAP and LIME, respectively.  
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Local Interpretable Model-agnostic Explanations (LIME) [68]. 

LIME is a widely used model-agnostic explanation method designed to interpret the predic-

tions of complex AI models. Unlike global explanation techniques that provide insights into 

the overall behaviour of a model, LIME focuses on local explanations, offering insights into 
how specific features influence individual predictions. 

LIME explains a prediction by perturbing the input data and observing how the model’s 

predictions change. It does this by first creating slightly modified versions of the input, such as 

by removing or altering features. Then, it trains a simpler, interpretable surrogate model, such 

as linear regression, to approximate the behaviour of the complex model within the 

neighbourhood of the original input. Finally, LIME uses this surrogate model to identify and 
rank the features that are most influential for the prediction, providing a clear explanation 

of their contributions. In particular, it offers the following three properties: 

• Model-Agnostic: LIME treats the AI model as a “black box”, making it compatible 
with any predictive model. 

• Instance-Level Explanations: It provides explanations specific to individual predic- 

tions, helping users understand the model’s behaviour on a case-by-case basis. 
• Flexibility: LIME can handle various data types, including tabular, text, and image 

data. 

LIME offers several advantages, including its simplicity, as it uses interpretable models like 

linear regression for local explanations, making it easy to understand. It is also highly versatile,  

applicable to a wide range of models and data types without requiring modifications to the 
original model. Additionally, LIME allows customisation, enabling users to specify the 

neighbourhood size, distance metric, and surrogate model to tailor explanations to their needs. 

However, LIME has some limitations. The surrogate model may not fully capture the 

behaviour of the original model, leading to less accurate explanations. Its explanations can also 

vary with different perturbations or parameter settings, affecting stability. Further-more, the 
computational cost of perturbing the input and training surrogate models can be significant, 

particularly for large datasets. 

 

SHapley Additive exPlanations (SHAP) [69]. 

SHAP is a widely used post-hoc model explanation method designed to provide insights into 

complex AI models. It is based on Shapley values from game theory and provides a fair 

and consistent way to attribute a model’s predictions to its input features. SHAP works by 
calculating how much each feature contributes to a prediction, either positively or negatively. 

SHAP supports both global explanations, which explain overall feature importance, and 

local explanations, which explain individual predictions. It offers multiple implementations 

tailored to specific model structures and types, such as TreeSHAP for tree-based models, 
DeepSHAP for neural networks, and KernelSHAP for model-agnostic scenarios. 

The key advantages of SHAP include its solid theoretical foundation, flexibility, and 

powerful visualisation tools. However, it can be computationally expensive, especially for large 
datasets or high-dimensional models. Despite this shortcoming, SHAP is widely used in 

practice due to its interpretability and versatility across diverse AI applications. Different from 

LIME, it offers the following properties: 

• SHapley: Represents the calculation of the Shapley Value for every feature in each 
sample. 

• Additive: Indicates that the Shapley values for all features in a sample sum up 

additively to the model’s output. 
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Table 11: Comparison of SHAP Methods 
 

SHAP Method AI Models Gradient-Based Description 
 

 

LinearSHAP Linear/Logistic 
regression 

No Optimised for linear and logistic 
regression models, calculates exact 
Shapley values efficiently. 

 
PermutationSHAP  Model-agnostic No Uses feature permutation to mea- 

sure impact on predictions; simple 
and efficient but less accurate for 
complex models. 

 

TreeSHAP Tree ensemble mod-
els (e.g. XGBoost) 

No Leverages tree structure properties 
for efficient Shapley value compu-
tation in tree-based models. 

 

GradientSHAP Deep learning mod- 

els 
Yes Uses gradients to compute feature 

attributions, suitable for complex 
neural networks. 

 
KernelSHAP Model-agnostic No Based on sampling methods, appli- 

cable to any model but computa-
tionally intensive. 

 

 
• exPlanation: Refers to the explanation of individual samples, illustrating the impact 

of each feature on the model’s prediction. 

In real-world applications, the SHAP library5 in Python, offers several powerful features 

for interpreting AI models. It provides clear interpretability and rich visualisations, making it 
easier to understand model behaviour. SHAP includes optimised implementations, such as 

TreeSHAP for tree ensembles and DeepSHAP for neural networks, ensuring efficient and 

accurate computations. It explains the contribution of each feature to individual predictions, 

highlighting both positive and negative impacts. Additionally, SHAP reveals feature interac-

tions and supports detailed comparisons between models, enabling a deeper understanding of 

model performance and decision-making processes. 
When the type of complex model is known, such as tree ensemble models or deep learning 

models, more efficient methods can be used to compute the Shapley Value for each feature in 

each sample. The computation methods for Shapley Values vary by model type. For example: 

• LinearSHAP: Optimised for linear regression, logistic regression, and similar models. 
• PermutationSHAP: A simple, model-agnostic approach that computes Shapley val-

ues by permuting feature values and measuring their impact on predictions. It is 
computationally inexpensive but may be less accurate for highly complex models. 

• TreeSHAP: Utilises the properties of tree structures for efficient computation, 
specifically tailored for tree-based models. 

• GradientSHAP: Designed for deep learning models supported by gradient-based 

frameworks. 
• KernelSHAP: A model-agnostic method based on sampling, applicable to a wide 

range of models. 
 

5https://shap.readthedocs.io/en/latest/  
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The differences between these SHAP frameworks are summarised in Table 11. Depending on 

the prediction method used, we choose the appropriate framework to compute the SHAP 

values. 
In summary, SHAP has several strengths, including its strong theoretical foundation based 

on Shapley values, which ensures fair and consistent feature attribution. It supports both 

global and local explanations, providing insights into overall feature importance and individ-

ual predictions. SHAP is versatile, offering model-specific implementations like TreeSHAP and 

DeepSHAP, as well as model-agnostic methods like KernelSHAP. Additionally, it pro-vides 

powerful visualisations for interpreting feature contributions and interactions. However, SHAP 
has some limitations, such as its high computational cost, especially for KernelSHAP and high-

dimensional datasets. It can also suffer from scalability issues and approximation errors in 

sampling-based methods, and its implementation may require technical expertise like DSI, 

making it challenging for general users. However, it was adopted in our investigation due to the 

reasons outlined below. 

 

The Adoption of KernelSHAP [69]. 

Since our explanation method needs to be applicable to all types of models, regardless of the 

specific framework or implementation (such as deep learning, tree models, or linear models), 
the most suitable choice is KernelSHAP. KernelSHAP combines the theoretical foundation of 

SHAP with the practical approach of LIME, effectively making it a hybrid method. This com-

bination enables KernelSHAP to provide theoretically grounded explanations while retaining 

the flexibility of model-agnostic methods. Hence, we have chosen KernelSHAP as our baseline. 

KernelSHAP is a model-agnostic explanation method that approximates Shapley values 

using a sampling-based approach. By leveraging the concepts from both SHAP and LIME, 
KernelSHAP perturbs feature values to observe their effect on model predictions and esti-

mates the contribution of each feature. From SHAP, KernelSHAP inherits the fairness and 

consistency of Shapley value theory, while its sampling strategy resembles the localised, 

instance-level explanation approach of LIME. Let us summarise the Pros and Cons of using 
KernelSHAP: 

• Pros: 

–  Model-Agnostic: KernelSHAP can be applied to any model, regardless of the 
underlying structure, making it a versatile tool for explaining diverse AI models. 

–  Theoretical Foundation: By incorporating Shapley value theory, KernelSHAP 
ensures fair and consistent feature attributions across models and predictions. 

–  Localised Explanations: Like LIME, KernelSHAP focuses on individual predic-
tions, providing detailed insights at the instance level. 

–  Flexibility: Its sampling-based approach allows it to adapt to a variety of models 
without requiring specific modifications. 

• Cons: 

–  Computational Cost: KernelSHAP’s reliance on sampling and model evaluations 

for every subset of features can make it computationally intensive, especially for 
high-dimensional datasets or large models. 

–  Scalability: As the number of features increases, the computation time grows 
significantly, making it less efficient for models with a large feature set. 
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Table 12: Overview of Experiments for Kiwifruit Types, AI Models, XAI Methods, 
and Climate Datasets 

 

AI Models Kiwifruit Types XAI Methods and Climate Datasets 

XGBoost, SVR, GMM All LIME, PermutationSHAP, KernelSHAP 
(NIWA, IBM, Daily) 

1D-CNN All LIME, GradientSHAP, KernelSHAP 
(NIWA, IBM, Daily) 

 
– Approximation Limitations: Since KernelSHAP estimates Shapley values using 

sampling, its accuracy depends on the number of samples, requiring careful 
parameter tuning to balance accuracy and computation time. 

In short, KernelSHAP’s combination of SHAP’s theoretical rigour and LIME’s model-

agnostic flexibility makes it a powerful and practical choice for explaining AI models. Its ability 

to work across different types of models, along with its fairness and interpretability, makes it 
an ideal baseline explanation method. 

 

13 Implementation of Our Baseline Evaluation 

13.1 Experiment Setup 

This section describes the experimental setup for generating explanations for four AI models 

using explainability methods: LIME, SHAP, and KernelSHAP. Our experiment involves con-

trolling four parameters: 4 types of AI models, 4 types of XAI methods, 3 kiwifruit varieties, 

and 3 climate types. The experiment is designed by keeping three parameters constant while 
varying the remaining one. Each parameter is independently controlled to obtain the experi-

mental results. Table 12 summaries the predictive models, their corresponding XAI methods, 

kiwifruit varieties, and climate data. 

 

LIME 

• Explanation Generation: 

–  Explanations are generated for each testing sample using the LIME framework. 
–  To optimise space in the report, we analyse and present the results of one testing 

sample as an example. 

 
SHAP 

• Background Data Selection: 

–  For SHAP: The first 100 samples from the training data are used as the 
background dataset. 

–  For KernelSHAP: The background dataset is created by selecting 100 clusters 
using shap.kmeans. 

• Explanation Generation: 
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Table 13: Kiwifruit Yield Data Split Details 
 

 
# training # validation # Test 

GA Conventional  13289 1661 1662 

HW Conventional 14121 1765 1766 

HW Organic 1096 137 137 

 
–  Beeswarm Plots: Revised version: Beeswarm plots are generated for each dataset 

to illustrate global feature importance. In our experiments, we use 100 test 
samples to create the Beeswarm plots, which are analysed in detail in the exper-
imental results section. For each Beeswarm plot, we selected the top 10 features 
based on their SHAP values, aggregated the SHAP values of the remaining fea-
tures into a single category, and visualised the resulting 11 items using the 

shap.summary plot function. The top features were displayed first, with the 
aggregated category representing the remaining features positioned at the bottom. 

–  Waterfall Plots: To analyse individual predictions, we analyse SHAP and Ker-
nelSHAP Waterfall plots for one testing sample. Additional Waterfall plots for 

five testing samples are provided in the supplementary materials. 

This experimental setup ensures a systematic approach to generating and analysing 

explanations, while providing reproducibility and supplementary materials for extended 

analysis. 

 

13.2 Datasets 

The datasets used in this study are categorised based on the type of kiwifruit and their 

cultivation methods: GA Conventional, HW Conventional, and HW Organic. Each dataset 

is split into 80% for training, 10% for validation, and 10% for testing. The details of the 

data split are summarised in Table 13. For each kiwifruit type, we employed four AI models to 

predict yield based on three climate datasets. Correspondingly, we applied 3 or 4 XAI methods 
to interpret the predictions of these AI models. 

In our experiments, we utilised three sources of climate data in two types: 

• Seasonal Climate Data: CSV files summarised by The Yield Technology Solutions 
(now Yamaha Agriculture) which are derived from two sources – NIWA and IBM. 
Long-term average (denoted as lta ) climate features have been excluded. 

• NZ CliFlo Daily Climate Data: Downloaded directly from the NIWA CliFlo plat- 

form, which provides daily climate information for New Zealand. More detailed 

analysis of the NZ CliFlo daily climate data can be found in Part III of this report. 

 

14 Analysis Based on Different AI Approaches 

This section examines the differences in explanations derived from various AI models and XAI 

methods. Following discussions with The Yield, their primary interest lies in GA Conventional 

and HW Conventional kiwifruits based on the NIWA climate data. Consequently, this report 
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focuses on analysing HW Conventional kiwifruit based on NIWA climate data as primary 

examples. The analysis considers two key perspectives: i) explanations produced by different 

AI models using the same XAI method and ii) explanations generated by different XAI methods 
for the same AI model. The experimental results are visualised as follows: 

• Beeswarm Plots: As shown in Fig. 23, the Beeswarm plots highlight the feature 

importance rankings obtained from SHAP and KernelSHAP for different AI models. 
These plots allow for comparing how various models identify key climate features 
affecting kiwifruit yield. 

• Waterfall Plots: Fig. 24 and Fig. 25 present detailed Waterfall plots that illustrate 
the contributions of individual features to model predictions. These plots compare 

explanations generated using SHAP and KernelSHAP across various AI models 
(XGBoost, SVR, 1D-CNN, and GMM). The results are demonstrated for sample #6. 

• LIME Explanation Plots: Fig. 26 provides detailed LIME explanation plots show- 
casing the contributions of individual features to model predictions. This plot 
compares LIME-derived explanations across AI models (XGBoost, SVR, 1D-CNN, 
and GMM). Sample #6 is used for demonstration. 

 

14.1 Comparison Across Different AI Models on a XAI Method 

To evaluate the impact of different AI models on the same XAI method, we analysed results 

from four AI models — XGBoost, SVR, 1D-CNN, and GMM — using KernelSHAP Beeswarm 
and Waterfall plots, as well as LIME explanations. 

From Fig. 23, the second column (KernelSHAP Beeswarm Plots), the following findings are 

observed. 

• XGBoost: The Beeswarm plot highlights that the features niwa pressure Budbreak 
and niwa pressure Harvest are the most influential features in the XGBoost model, 
with pressure being the primary driver of yield predictions, while relative humidity 
and radiation features play a secondary role. 

• SVR: The Beeswarm plot indicates that the features niwa pressure Budbreak delta 

and niwa pressure Budbreak are the most impactful features, significantly influenc-
ing the model’s predictions. Pressure-related features dominate the contributions, 
while humidity and chill days features play secondary roles. 

• 1D-CNN: The Beeswarm plot highlights the features niwa pressure FruitSet and 

niwa pressure Budbreak delta as the most influential features, showing significant 
contributions to the model’s predictions. Pressure-related features dominate, while 
temperature and humidity features play supporting roles. 

• GMM: The Beeswarm plot identifies the features 

niwa temperature max Dormant delta and niwa gdd FruitSet as the most impact-
ful features, significantly influencing the model’s predictions. Temperature-related 
features are the primary drivers, while growing degree days and pressure features 
provide secondary contributions. 

The Beeswarm plots reveal that feature importance varies significantly across model 

architectures. Pressure-related features dominate in XGBoost, SVR, and 1D-CNN, while 

temperature-related features are the primary drivers in GMM. These findings highlight 
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Fig. 23: Beeswarm Plots for Different Models (SHAP and KernelSHAP). These results 
are generated using a background of 100 training samples and 100 test samples for 
the HW Conventional type based on NIWA climate data. 
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Fig. 24: SHAP Values Waterfall Plots for Different Models. In this figure, we demon-
strate sample #6. These results are generated using a background of 100 training 
samples and 100 test samples for the HW Conventional type based on NIWA climate 
data. 

 
how model architecture influences feature prioritisation, even with the same XAI method 

(KernelSHAP). 

From Fig. 25, the following conclusions can be drawn. KernelSHAP reveals that models 

differ in feature prioritisation, sensitivity, and impact directions for the same sample. 

• XGBoost: The feature niwa pressure Harvest significantly decreases the prediction, 

while niwa chill days Dormant notably increases it, highlighting their dominant 
influence on the model’s output. 

• SVR: The features niwa extreme heat factor FruitSet and 
niwa extreme heat factor Budbreak significantly increase the prediction, 

highlighting their strong positive influence on the model’s output. 
• 1D-CNN: The feature niwa temperature min FruitSet delta significantly decrease 

the prediction, while the features niwa extreme heat factor FruitSet and niwa 
radiation FruitSet delta strongly increase it, indicating their dominant impact on the 
model’s output. 

• GMM: The feature niwa rain Budbreak delta generally has a small negative impact 

on predictions, but in this specific sample, it significantly reduces the prediction by 
-1259.58. Conversely, the feature niwa pressure FruitSet delta, typically has a 
slight positive influence globally, showing the context-dependent nature of feature 
contributions. 
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Fig. 25: KernelSHAP Waterfall Plots for Different Models. In this figure, we demon-
strate sample #6. These results are for the HW Conventional type based on NIWA 
climate data. 

 
From Fig. 26, the following conclusions can be drawn. LIME explanations reveal that 

models rely on distinct features and relationships, even for the same sample. 

• XGBoost: Dominated by the feature niwa pressure Budbreak, with few significant 
contributing features. 

• SVR:   Focuses   on   the   features   niwa pressure FruitSet delta   and 

niwa extreme heat factor Budbreak, with evenly distributed contributions. 
• 1D-CNN: The feature niwa pressure Harvest increases the prediction significantly, 

while the feature niwa pressure Budbreak reduces it, highlighting the key role of 
pressure variables. 

• GMM: The feature niwa rain Budbreak delta slightly increases the prediction, while 
most features have negative influences. 

 

14.2 Comparison Across Different XAI Methods on a AI Model 

To evaluate the impact of different XAI methods on the same AI model, we analysed 

results from SHAP Beeswarm plots and KernelSHAP Beeswarm plots across four AI models: 

XGBoost, SVR, 1D-CNN, and GMM. Based on the rows of Fig. 23, we summarise the key 

findings below and highlight differences between the two XAI methods for each model. 
The comparison of SHAP and KernelSHAP reveals that while both methods generally agree 

on the most important features, there are subtle differences in feature rankings and the 

inclusion of additional interactions. These variations underline the need to interpret XAI 
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Fig. 26: LIME Explanations for Different Models. In this figure, we demonstrate 
sample #6. These results are generated for the HW Conventional type based on NIWA 
climate data. 

 
results in the context of the chosen explanation method, as different methods may emphasise 

different aspects of feature contributions. 

• XGBoost 

–  SHAP: The most influential features are niwa pressure Budbreak and 
niwa pressure Harvest, with pressure-related features being the primary drivers. 
Secondary contributions come from the features niwa relative humidity Harvest 

and niwa radiation Harvest. 
–  KernelSHAP: The results are consistent with SHAP, identifying the features 

niwa pressure Budbreak and niwa pressure Harvest as dominant features. How-
ever, the features niwa rain Budbreak and niwa extreme heat factor Budbreak 
also show increased importance, suggesting slight variability in feature rankings 
between methods. 

• SVR 

–  SHAP: The features niwa pressure Budbreak delta and niwa pressure Budbreak 
are the top contributors, with pressure-related features dominating the 
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predictions. Humidity (niwa relative humidity Dormant ) and chill days (niwa 
chill days Dormant ) features play minor roles. 

– KernelSHAP: The findings align with SHAP, highlighting pressure-related fea-
tures as dominant. However, the features niwa temperature max Dormant and 
niwa heat stress FruitSet delta gain slightly more prominence, indicating that 
KernelSHAP captures additional interactions. 

• 1D-CNN 

–  SHAP: The features niwa pressure FruitSet and niwa pressure Budbreak delta 
are the most impactful features. Pressure remains the dominant fac-tor, 
while temperature (niwa temperature max Budbreak ) and humidity (niwa 
relative humidity Harvest ) features have smaller impacts. 

–  KernelSHAP: Pressure-related feature (niwa pressure FruitSet, the feature niwa 
pressure Budbreak delta) are still dominant. However, the features niwa 
extreme heat factor FruitSet and niwa chill days FruitSet delta gain signif-icance. 

• GMM 

–  SHAP: Temperature-related features (niwa temperature max Budbreak ) and 

growing degree days (niwa gdd FruitSet ) feature dominate the predictions. Pres-
sure and radiation features have minor contributions. 

–  KernelSHAP:  The  results  are  consistent,  with  the  features niwa 
temperature max Budbreak and niwa gdd FruitSet remaining the top 
contributors. However, the features niwa chill days FruitSet delta and niwa 
extreme heat factor FruitSet gain more prominence under KernelSHAP. 

From Fig. 24, Fig. 25, and Fig. 26, the comparison of SHAP, KernelSHAP, and LIME for 

each AI model reveals the following key insights: 

• XGBoost 

–  SHAP and KernelSHAP: Both highlight the feature niwa pressure Harvest as 
a significant negative contributor and the feature niwa chill days Dormant as 
a major positive contributor, with minor differences in feature ranking and 
magnitude. 

–  LIME: Focuses on the feature niwa pressure Budbreak as the dominant feature, 
showing fewer but highly influential contributors. 

• SVR 

–  SHAP  and  KernelSHAP:  Consistently  emphasise  the  features niwa 
extreme heat factor Budbreak and niwa extreme heat factor FruitSet as 
dominant positive contributors, with slight variation in secondary features. 

–  LIME:  Highlights  a  broader  range  of  features,  such  as  the  feature 

niwa pressure FruitSet delta. 

• 1D-CNN 
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–  SHAP   and   KernelSHAP:   Both   identify   the   feature 
niwa temperature min FruitSet delta as a key negative contributor and the fea-
ture niwa extreme heat factor FruitSet as a dominant positive feature, differing 
slightly in magnitude. 

–  LIME: Shifts focus to the feature niwa chill days Dormant delta as a significant 
negative contributor, with a mix of additional features. 

• GMM 

–  SHAP and KernelSHAP: Agree on the feature niwa rain Budbreak delta as a 
major negative contributor and the feature niwa pressure FruitSet delta as a 
strong positive feature, with slight differences in other rankings. 

–  LIME:  Contrasts  with  SHAP  methods,  showing  the  feature niwa 
rain Budbreak delta as a minor positive contributor and highlighting different 
feature priorities. 

SHAP and KernelSHAP provide consistent global explanations with nuanced differences, while 

LIME offers localised insights that often shift feature prioritisation. These differences 

underscore the complementary nature of XAI methods, each offering unique interpretability 

perspectives. 

 

14.3 Our Findings 

This section compares the impact of different AI models (XGBoost, SVR, 1D-CNN, and GMM) 
and XAI methods (SHAP, KernelSHAP, LIME) on explanations using Beeswarm and Waterfall 

plots. Notably, the selections of AI model architecture and XAI method signifi-cantly influence 

explanations, highlighting the need to carefully select both for interpretable results. Our 

analysis demonstrates that 1D-CNN captures broader feature interactions, while XGBoost 

focuses on a few dominant features, such as pressure-related variables. GMM and SVR show 

more balanced contributions across features. Among XAI methods, SHAP and KernelSHAP 
reveal complex, cumulative feature interactions, whereas LIME provides concise and simplified 

explanations by focusing on key features. 

 

Key Insights: Different AI Models 

The comparison of different AI models reveals distinct patterns in feature prioritisation. 

XGBoost and SVR emphasise pressure-related features, with XGBoost relying on broad sea-

sonal metrics and SVR balancing stress-related and environmental factors. 1D-CNN focuses 

on pressure and heat-related metrics, capturing complex interactions, while GMM priorities 
temperature and growing degree days, reflecting its focus on growth-related factors. 

These findings reveal that while XGBoost, SVR, and 1D-CNN consistently prioritise 

pressure-related features, GMM diverges by emphasising temperature and growth factors. The 

differences highlight the influence of model architecture on feature selection and sen-sitivity, 

demonstrating the need for model-specific interpretations in climate-based yield predictions. 

 

Key Insights: Different XAI Methods 

The comparison of different XAI methods reveals that SHAP and KernelSHAP provide con-
sistent global explanations, emphasising similar key features with slight variations in rankings 

and interactions. For instance, both methods highlight pressure-related features for XGBoost 
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and SVR, while KernelSHAP captures additional feature interactions for models like 1D-

CNN and GMM. LIME, on the other hand, focuses on localised insights, often shifting feature 

prioritisation and highlighting fewer but highly influential features.  
These results demonstrate the complementary nature of XAI methods: SHAP and Ker-

nelSHAP excel in global interpretability, while LIME provides instance-specific insights. The 

choice of method should align with the specific interpretability goals of the analysis. 

 

15 Analysis Based on Different Datasets 

In this section, we focus on analysing the experimental results of the 1D-CNN model, with 

attention to the two XAI methods: LIME and KernelSHAP. The objective is to examine 

how differences in kiwifruit types and climate data sources affect the explanations. The 
experimental results are visualised as follows: 

• Fig. 27: LIME Explanations This figure visualises feature contributions for 1D-CNN 

models using the LIME method across different datasets. LIME highlights key 
features and their individual contributions to model predictions. 

• Fig. 28: Beeswarm Plots (KernelSHAP). This figure displays KernelSHAP 
Beeswarm plots to show the distribution of SHAP values for 1D-CNN models across 
different datasets. The plots reveal the importance and distribution of features, as 

well as their impact directions on model predictions. 
• Fig. 29: Waterfall Plots (KernelSHAP). This figure illustrates KernelSHAP Water- 

fall plots to detail feature contributions for 1D-CNN models. Waterfall plots break 
down individual predictions, showing how each feature contributes positively or 
negatively. 

 

15.1 Comparison Across Different Kiwifruit Types 

To understand the impact of kiwifruit type on predictions and explanations, we selected a 

specific AI model and a XAI method (e.g., 1D-CNN with LIME and 1D-CNN with Ker-
nelSHAP). The kiwifruit types that we analysed are GA Conventional, HW Conventional, 

and HW Organic. 

From Fig. 27, the differences between GA Conventional (first column) and HW Con-

ventional (second column) can be summarised as follows. The 1D-CNN model’s feature 

prioritisation and impact directions vary significantly between GA Conventional and HW 

Conventional, driven by the different characteristics of the datasets. 

• GA Conventional 

–  NIWA: Key features include niwa gdd FruitSet and 

niwa temperature max FruitSet delta, which show strong negative contributions, 
while niwa radiation Dormant provides a moderate positive impact. The impor-
tance is evenly distributed across multiple factors, reflecting a balanced reliance 
on various factors. 

–  IBM:  Key  features  include  strong  negative  contributions  from 
ibm high humidity sum Budbreak and ibm air temperature min Budbreak delta, 
with   positive   contributions   dominated   by   the   feature 
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Fig. 27: LIME Explanations for Different Datasets. We present the results for sample 
#6 across the three kiwifruit types, using three different climate datasets. 

 
ibm wind speed mean Budbreak. The model shows balanced reliance across 
multiple variables, such as humidity, temperature, and wind speed. 

– Daily: Key features include strong negative contributions from Sun(Hrs) FruitSet 
and Sun(Hrs) FruitSet, with positive contributions from Sun(Hrs) FruitSet and 
Sun(Hrs) FruitSet. The model shows a balanced reliance on multiple sunlight 
metrics, reflecting broader variability. 

• HW Conventional 

–  NIWA:  Key features such as niwa relative humidity Dormant, niwa chill 
days Dormant delta, and niwa radiation Harvest dominate the model, with larger 
positive and negative contributions. This model places greater emphasis on a few 
highly influential factors, particularly humidity and chill days. 

–  IBM:  Dominated by negative  contributions  from  the  features ibm 

relative humidity mean Dormant and positive contributions from the fea-ture 
ibm wind speed mean Budbreak. The model focuses on fewer key features, 
particularly relative humidity and wind speed. 
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Fig. 28: Beeswarm Plots for Different Datasets: These results are generated using a 
background of 5 training samples and 10 test samples for the three kiwifruit types, 
based on three climate datasets. When using a background of 100 training samples and 
100 test samples with the daily climate dataset, the system ran out of memory on an 
Apple M1 system-on-a-chip (SoC) chip with 16GB unified memory or a workstation 
equipped with 64 GB RAM and an NVIDIA A2 GPU (24 GB VRAM). 

 
–  Daily: Key features include negative contributions from Sun(Hrs) FruitSet 

and RH(%) FruitSet, and positive contributions from Sun(Hrs) Dormant and 
Sun(Hrs) Dormant. The model focuses on fewer metrics, with an emphasis on 
specific sunlight periods and relative humidity. 

• Key Differences 

–  GA Conventional: Relies on temperature, radiation, and diverse sunlight metrics 

with balanced feature importance. 
–  HW Conventional: Focuses strongly on humidity, chill days, specific sunlight 

periods, and wind, with larger feature contributions. 

From Fig. 27, the differences between HW Conventional (the second column) and HW 

Organic (the third Column) can be summarised as follows. Note that the 1D-CNN model adapts 

differently for HW Conventional and HW Organic.  
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Fig. 29: Waterfall Plots for Different Datasets. In this figure, we demonstrate sample 
#6. These results are generated using a background of 5 training samples and 10 test 
samples for the three kiwifruit types, based on three climate datasets. When using 
a background of 100 training samples and 100 test samples with the daily climate 
dataset, the system ran out of memory on an Apple M1 system-on-a-chip (SoC) chip 

with 16GB unified memory or a workstation equipped with 64 GB RAM and an 
NVIDIA A2 GPU (24 GB VRAM). 

 
• HW Conventional 

–  NIWA: Strong negative contributions are observed from humidity and chill days 
(e.g., niwa chill days Dormant delta), while positive contributions come from 
radiation and heat stress factors. 

–  IBM: Strong negative contributions are observed from the feature ibm 
wind risk sum Dormant delta,  with  positive  contributions  from ibm 
wind speed mean Budbreak delta. The model primarily focuses on wind risk and 
humidity. 

–  Daily: Key features include negative contributions from Sun(Hrs) FruitSet 
and RH(%) FruitSet, with positive contributions from Sun(Hrs) Dormant and 
Sun(Hrs) Dormant. The model emphasises specific sunlight durations and relative 
humidity, dominated by negative impacts. 

• HW Organic 
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–  NIWA: Negative contributions are dominated by temperature and pressure (e.g., 
niwa temperature min FruitSet ), with positive contributions focused on radiation 
and pressure metrics. 

–  IBM:  Negative  contributions  are  dominated  by  the  feature ibm 
precipitation amount sum Dormant delta, with positive contributions from the 
feature ibm opt grow temp sum FruitSet delta. The model emphasises 

temperature and precipitation metrics. 
–  Daily: Key features include negative contributions from Rain(mm) FruitSet and 

WDir(Deg) Dormant, with positive contributions from Tdry(C) Budbreak and 
Sun(Hrs) Budbreak. The model focuses on temperature, rainfall, and sunlight 
metrics, with more balanced contributions. 

• Key Differences 

–  HW Conventional: Emphasises humidity, chill days, wind risk, and sunlight 

metrics, with stronger negative contributions dominating the model. 
–  HW Organic: Focuses on radiation, pressure, temperature, precipitation, and 

rainfall metrics, with more balanced contributions across features. 

Using experimental results based on NIWA climate data as an example, we analyse the 

differences in Fig. 28. A comparison between the first column (GA Conventional) and the 

second column (HW Conventional) reveals the following results: 

• GA Conventional Key features include niwa gdd Budbreak delta, niwa gdd FruitSet, 
and niwa rain FruitSet, with additional contributions from humidity metrics like 
niwa relative humidity Budbreak delta. The model broadly relies on temperature, 
rainfall, and humidity metrics, reflecting sensitivity to seasonal growth factors. 

• HW Conventional Dominant features include niwa pressure FruitSet, 

niwa pressure Budbreak delta, and niwa extreme heat factor FruitSet, alongside 
temperature metrics such as niwa temperature max Budbreak. The model empha-
sises pressure, heat stress, and temperature, reflecting sensitivity to extreme 
climatic conditions. 

• Key Differences 

–  GA Conventional: Broad reliance on seasonal growth metrics like degree days and 

rainfall. 
–  HW Conventional: Focused on stress-related metrics like pressure and heat. 

From Fig. 28, a comparison between the second column (HW Conventional) and the third 

column (HW Organic) reveals the following findings.  

• HW Conventional (Left Panel) Key features include niwa pressure FruitSet, 
niwa pressure Budbreak delta, and niwa extreme heat factor FruitSet, with addi-
tional contributions from temperature and humidity metrics. The model emphasises 
pressure and heat stress, reflecting sensitivity to atmospheric conditions. 

• HW  Organic  (Right  Panel)  Key  contributions  come  from  the  features 

niwa temperature max FruitSet, niwa temperature max FruitSet delta, and 
niwa temperature min FruitSet, with focus on pressure and radiation as well. The 
model relies on temperature and radiation, highlighting growth-related factors. 
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• Key Differences 

–  HW Conventional: Prioritises pressure and heat stress, reflecting sensitivity to 
climatic extremes. 

–  HW Organic: Focuses on temperature and radiation, emphasising growth-related 
metrics. 

From Fig. 29, a comparison between the first column (GA Conventional) and the second 

column (HW Conventional) is summarised below, using experimental results based on NIWA 

climate data as an example. 

• GA Conventional: Contributions from the features 
niwa relative humidity Budbreak delta and niwa temperature max FruitSet reflect 

a balance between humidity and temperature metrics. Highlights seasonal factors, 
including rainfall and chill days, with balanced contributions. 

• HW Conventional: Contributions from the features 
niwa extreme heat factor FruitSet and niwa temperature min FruitSet delta 
emphasise heat stress and temperature extremes. Priorities stress-related metrics, 
such as heat and temperature, with stronger contributions. 

• Key Differences 

–  GA Conventional: Relies on diverse climatic features, including rainfall and chill 
days. 

–  HW Conventional: Focuses on heat and temperature with stronger contributions. 

From Fig. 29, the comparison between the second column (HW Conventional) and the 

third column (HW Organic) is summarised below. 

• HW Conventional: Contributions from the feature 

niwa extreme heat factor FruitSet highlight sensitivity to heat stress, while nega-
tive contributions from the feature niwa temperature min FruitSet delta reflect its 
reliance on temperature extremes. Emphasises heat stress and temperature metrics. 

• HW Organic: Positive contributions from the features niwa pressure Budbreak delta 
and niwa radiation FruitSet delta underscore its focus on atmospheric pressure and 

radiation. Prioritises pressure and radiation with less emphasis on heat stress. 
• Key Differences 

–  HW Conventional: Focuses on heat stress and temperature extremes. 
–  HW Organic: Shifts focus to atmospheric factors like pressure and radiation. 

 

15.2 Comparison Across Different Climate Datasets 

Using the same AI model (1-D CNN) and XAI methods (KernelSHAP or LIME), we analysed 

predictions and explanations across three climate data sources: NIWA Seasonal Climate Data, 

comprising seasonal data provided by NIWA; IBM Seasonal Climate Data, which consists 

of summarised seasonal data from IBM; and NZ CliFlo Daily Climate Data, which includes 

daily climate data retrieved from the NIWA CliFlo platform. In this section, we focus on the 

experimental results of HW Conventional as an example. 
From Fig. 27, we obtain the following results. Each climate data source offers unique 

insights, with NIWA focusing on seasonal trends, IBM on wind and humidity, and NZ CliFlo 

on daily sunlight and humidity variations. 
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• NIWA Seasonal Climate Data (Top Panel): Key negative contributions are observed 
from the feature niwa chill days Dormant delta, with positive contributions from 
the feature niwa radiation Harvest. This dataset emphasises seasonal humidity and 
chill days. 

• IBM Seasonal Climate Data (Middle Panel): Strong negative contributions are domi- 

nated by the feature ibm wind risk sum Dormant delta, while positive contributions 
come from the feature ibm wind speed mean Budbreak delta. The focus is on wind 
risk and seasonal humidity. 

• NZ CliFlo Daily Climate Data (Bottom Panel): Negative contributions are driven 

by the feature Sun(Hrs) FruitSet, with positive contributions from the feature 
Sun(Hrs) Dormant. This dataset highlights daily sunlight hours and humidity. 

• Key Differences 

–  NIWA vs. IBM: NIWA focuses on seasonal humidity and chill days, while IBM 
emphasises wind risk and seasonal humidity. 

–  NIWA vs. NZ CliFlo: NIWA captures broad seasonal metrics (e.g., chill days, 
radiation), while NZ CliFlo focuses on daily variations in sunlight and humidity. 

–  IBM vs. NZ CliFlo: IBM highlights wind risk and seasonal humidity, while NZ 
CliFlo captures daily sunlight and humidity. 

From Fig. 28, by analysing each row, we obtain the following conclusions. 

• NIWA Climate Data (Top Panel): Significant contributions from the features niwa 
pressure FruitSet and niwa extreme heat factor FruitSet highlight the impor-tance 
of pressure and heat stress. Emphasises seasonal factors such as pressure, heat stress, 
and temperature. 

• IBM Climate Data (Middle Panel): Contributions from the features 
ibm air temperature mean Dormant and ibm wind speed std Harvest demonstrate 
reliance on temperature and wind speed metrics. Highlights seasonal temperature 
and wind dynamics. 

• NZ CliFlo Climate Data (Bottom Panel): Significant contributions from the fea- 

tures GustDir(Deg) FruitSet and Rad(MJ/m2) FruitSet indicate the importance of 
wind direction and radiation on specific days. Captures fine-grained daily variations, 
especially wind and radiation. 

• Key Differences 

–  NIWA: Focuses on seasonal pressure and heat stress. 
–  IBM: Highlights seasonal temperature and wind speed. 
–  NZ CliFlo: Captures daily wind direction and radiation variations. 

From Fig. 29, the following conclusions are drawn by analysing each row. 

• NIWA Climate Data (Top Panel): Positive contributions from the feature niwa 
extreme heat factor FruitSet highlight the impact of heat stress, while negative 
contributions from the feature niwa temperature min FruitSet delta reflect sensi-
tivity to temperature extremes. Emphasises seasonal heat stress and temperature 
metrics. 

• IBM Climate Data (Middle Panel): Positive contributions from the feature 

ibm air temperature max Dormant and negative contributions from the feature 
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ibm relative humidity max Dormant underscore the importance of temperature and 
humidity. Highlights temperature metrics with additional influence from humidity. 

• NZ CliFlo Climate Data (Bottom Panel): Positive contributions from the fea- 

ture Rain(mm) FruitSet and negative contributions from the feature Gust-
Dir(Deg) FruitSet show sensitivity to daily rainfall and wind dynamics. Captures 
fine-grained daily weather variations. 

• Key Differences 

–  NIWA: Focuses on seasonal heat stress and temperature extremes. 
–  IBM: Highlights temperature with additional sensitivity to humidity. 
–  NZ CliFlo: Captures detailed daily variations, particularly rainfall and wind. 

 

15.3 Our Findings 

This analysis compares different kiwifruit types (GA Conventional, HW Conventional, and HW 

Organic) and climate datasets (NIWA, IBM, Daily) using 1D-CNN models and multiple XAI 

methods (KernelSHAP, LIME). Below is the summary. 

 

Key Insights: Different Kiwifruit Types 

The analysis of different kiwifruit types using a specific AI model and XAI methods reveals 

distinct feature prioritisation results:  

• GA Conventional 

–  Relies on diverse seasonal growth metrics, including degree days, rainfall, and 
sunlight. 

–  Feature contributions are balanced across multiple climatic variables. 

• HW Conventional 

–  Focuses heavily on stress-related metrics such as heat stress, pressure, and 

temperature. 
–  Reflects strong sensitivity to extreme climatic conditions. 

• HW Organic 

–  Shifts focus to growth-related metrics like temperature and radiation. 
–  Demonstrates balanced reliance on atmospheric factors such as pressure and 

precipitation. 

These findings show how dataset characteristics influence both model predictions and XAI 

explanations, with each kiwifruit type exhibiting unique patterns of feature importance and 

contributions. 

 

Key Insights: Different Climate Data 

The comparison of climate datasets (NIWA, IBM, and NZ CliFlo) using the same AI model and 

XAI methods reveals distinct patterns of feature prioritisation and focus:  

• NIWA Climate Data 

–  Focuses on seasonal metrics such as pressure, heat stress, chill days, and radiation. 
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– Demonstrates sensitivity to broad climatic conditions influencing seasonal trends. 

• IBM Climate Data 

–  Highlights temperature, wind speed, and wind risk as key factors. 
–  Balances reliance on seasonal humidity and temperature metrics, emphasising 

wind dynamics. 

• NZ CliFlo Climate Data 

–  Captures fine-grained daily variations in sunlight, wind direction, and rainfall. 
–  Reflects localised weather dynamics with a focus on specific daily conditions. 

These findings demonstrate that NIWA emphasises broad seasonal trends, IBM focuses on 
wind and humidity with a seasonal perspective, and NZ CliFlo captures detailed daily weather 

variations. The choice of dataset should align with the specific analysis goals, whether to 

understand broad seasonal trends or detailed daily conditions. 

 

16 Discussion 

Why Did We Choose Different Yield Prediction Methods? 

The choice of multiple yield prediction methods in this study is driven by the uncertainty 

regarding the specific AI models that end-users may adopt. To address this, we selected four 
distinct models spanning both generative (e.g., GMM) and discriminative (e.g., 1D-CNN, 

XGBoost, SVR) approaches. This diversity ensures comprehensive coverage of different model 

paradigms commonly used in real-world applications. 

Furthermore, by comparing the explanations generated under the same XAI method (e.g., 

SHAP or LIME) across these models, we can assess how prediction accuracy impacts 

explainability. This approach allows us to evaluate the robustness of explanations and their 

dependency on the underlying AI model, thereby providing deeper insights into the rela-
tionship between predictive performance and explainability. Such comparisons are crucial for 

guiding users in selecting the most appropriate AI and XAI models for their specific use cases. 

 

Why Did We Choose Different XAI Methods? 

The choice to employ multiple XAI methods in this study is motivated by the distinct char-

acteristics each method offers. Different XAI techniques, such as SHAP, KernelSHAP, and 

LIME, provide varying perspectives on feature importance and contribution, allowing for a 

more diverse understanding of the model’s behaviour.  
By comparing the explanations generated by different XAI methods for the same AI model, 

we can gain a more comprehensive and nuanced interpretation of the predictions. This 

comparative approach enables us to identify consistent patterns across methods while 

highlighting method-specific insights. Such an analysis not only enhances interpretability but 

also offers valuable guidance for selecting the most suitable XAI method for specific models 

and applications. 

 

Why Did We Choose Different Datasets? 

The decision to use multiple datasets in this study stems from the aim to investigate whether 

variations in kiwifruit types and climate data sources influence model explanations. By incor-

porating datasets representing different kiwifruit types (HW Organic, HW Conventional, GA 
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Conventional) and climate data sources (IBM, NIWA, Daily), we ensure that the analysis 

captures the potential impact of these factors on interpretability.  

This approach allows us to evaluate how model explanations differ across diverse envi-

ronmental and crop-specific conditions, providing valuable insights into the robustness and 
adaptability of AI and XAI models. Understanding these variations is crucial for tailoring 

models to specific datasets and ensuring reliable interpretations in practical applications. 

 

Why Different XAI Methods Provide Different Explanations? 

Different XAI methods provide varying explanations due to their underlying mechanisms and 

assumptions. For example, SHAP and KernelSHAP use game-theoretic principles to allocate 

feature contributions, aiming for consistency and additive explanations, while LIME 
approximates the model locally with simpler interpretable models. These methodological 

differences lead to variations in how features are ranked, their impact magnitudes, and the 

distribution of contributions. 

The choice of XAI method also influences the granularity and focus of the explanation. For 

instance, SHAP tends to offer more detailed and globally consistent insights, whereas LIME 

provides localised explanations that can vary based on the specific sample  analysed. As a 

result, the explanations generated by different methods may highlight complementary aspects 
of the model’s behaviour, making it essential to consider multiple XAI techniques for a 

comprehensive interpretation of predictions. 

 

16.1 Limitations and Opportunities 

Through the analysis of this study, several challenges were identified, which highlight the 

complexities of combining multiple AI models, XAI methods, and datasets for yield prediction 

and explanations: 

• Variability Across XAI Methods: Different XAI methods produce varying expla-
nations for the same AI model, making it challenging to consolidate insights and 
identify consistent patterns. 

• Confusion Due to Feature Dependencies and Correlations: Climate features often 
exhibit dependencies and/or temporal correlations, leading to similar SHAP values 

across correlated features [70, 71]. This makes it difficult to clearly identify the 
specific impact of each feature on the predictions. 

• Limited Applicability of SHAP to Non-tree-based or Non-additive Models: While 

SHAP performs well with tree-based models (e.g., XGBoost, Random Forest) and 

linear models, it is less effective for other types of predictive models. 
• Computational Limitations: The computational cost of certain XAI methods (e.g., 

KernelSHAP) rises sharply with larger datasets, limiting scalability. 
• Alignment of Explanations with Domain Knowledge: There is a need to develop 

effective methods to align and compare model explanations with domain knowledge. 
Establishing a reliable validation framework to ensure the consistency and accuracy 
of explanations is critical. 

These challenges underline the need for thoughtful selection of AI models, XAI methods, 

and datasets, as well as further investigation on how to enhance the robustness and scalability 

of interpretability techniques. Addressing these limitations will be critical to ensuring that the 
explanations provided by XAI methods are both trustworthy and actionable for stakeholders 

in agriculture. 
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17 Part IV Conclusion 

Part IV presents a comprehensive evaluation of XAI baseline models for kiwifruit yield 

prediction, conducted across three kiwifruit types (HW Organic, HW Conventional, and 
GA Conventional), four AI models (XGBoost, SVR, 1D-CNN, and GMM), and three XAI 

methods (SHAP, KernelSHAP, and LIME), using multiple climate datasets (IBM, NIWA, 

and Daily). Our experiments aim to systematically investigate how model architecture, 

explanation technique, and climate data source jointly affect interpretability and predictive 

behaviour. 

Our experiment results demonstrate that both model structure and XAI methodology 

substantially influence explanation outcomes. Tree-based and regression models tend to yield 
concentrated attributions dominated by pressure-related variables, whereas deep learning and 

probabilistic models capture broader interactions among temperature, radiation, and growth 

indicators. Similarly, SHAP-based methods provide globally consistent and additive expla-

nations, while LIME produces more localised and instance-specific insights. These findings 

highlight that interpretability is inherently dependent on both the modelling approach and the 

characteristics of the input data, including its temporal resolution, feature composition, and 
climatic variability. 

Our analysis further identified several limitations in current XAI approaches for agri-

cultural applications. Variability among XAI methods, computational constraints with 

high-dimensional datasets, and challenges in aligning data-driven explanations with agro-

nomic domain knowledge all remain open issues. These limitations emphasise the need 

for more robust and scalable interpretability frameworks capable of producing consistent, 

domain-aligned insights across models and datasets.  
Overall, this study establishes a foundational benchmark for evaluating explainability 

in climate–agriculture analytics. The findings underscore that trustworthy agricultural AI 

requires a careful integration of model design, data resolution, and interpretability method. 
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Part V 

Extreme Weather Event Retrieval 
& Evaluation 

18 Part V Introduction 

Extreme weather events, such as droughts, heavy rain, and floods etc., have been making sig-

nificant impacts on agriculture, infrastructure, and many other aspects in society. Reliable 

detection, severity quantification, and validation of these events are critical for risk assessment 

and decision-making. However, the scarcity of standardised extreme weather event datasets 
and the difficulties in extracting consistent and aligned information from news, reports and/or 

other narrative sources pose considerable obstacles.  

To address these challenges, in Part V of this project, we conducted a multi-faceted 

approach to further our investigation. It involves three components: 

• Extreme Weather Events Data Retrieval 
We collected extreme weather event data for Australia (AU), New Zealand (NZ), 
and the United States (US) from both structured and unstructured data sources. 

• Extreme Weather Events Severity Quantification 

We quantified the severity of extreme weather events by developing a continuous-
scale representation based on sentiment analysis and semantic similarity scoring. 

• Extreme Weather Events Alignments Evaluation 

We evaluated the alignment between extreme weather events extracted by Large 
Language Models (LLMs) from news articles and climate reports of the National 
Institute of Water and Atmospheric Research (NIWA) in NZ, and our detected 
anomalies from NZ’s daily climate data. 

Our methodologies and processing details in each of these components are summarised in 

Section 19, Section 20, and Section 21, respectively. 

 

19 Extreme Weather Events Data Retrieval 

In this section, we present our data retrieval of extreme weather events for Australia (AU), New 

Zealand (NZ), and the United States (US). We first consolidated our data from multiple 

sources, including publicly available event databases, and climate research and harvest annual 
reports, to ensure we have a comprehensive coverage across regions and event types. The 

collected dataset serves as our database for subsequent severity quantification and alignment 

evaluation. 

Again, our primary data collection efforts focus on what happened in New Zealand, 

utilising multiple sources such as NIWA6 and Industry Partner7 reports; while the extreme 

weather event labels were obtained by the following four approaches: 
 

6https://niwa.co.nz/publications 
7https://www.zespri.com/en-NZ/publications/annualreports  
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1. Using NIWA Daily Climate Data 
The NIWA daily climate dataset provides records of extreme weather categories, 
including Gale, Snow, Hail, Lightning, Thunder, and Fog. However, this dataset is 
sparse, with only approximately 2.4% of entries containing extreme weather event 
information. 

2. Using ChatGPT to Generate Extreme Weather Data 

To complement the official records, we employed ChatGPT8 to generate extreme 
weather event data for regions corresponding to the kiwifruit yield dataset. The 
model was prompted to identify extreme events for specified locations, where its 
reply and reference links were captured for further analysis. However, our critical 
evaluation revealed that the generated data was largely inaccurate. 

3. Extracting Extreme Weather Events from NIWA News Reports 

We further compiled extreme weather event data by data extraction techniques on 
NIWA news reports (2019–2023) and NIWA Seasonal/Annual Climate Sum-
maries (2015–2024). Using a LLM, relevant event descriptions were extracted and 
organised. 

4. Analysing Industry Partner Reports for Extreme Weather Impacts on 
Kiwifruit Yield 
Similarly, climate-related information was extracted from an industry partner’s 
Annual Reports (2017–2023) using ChatGPT and other LLMs. The extracted data 
were analysed to assess the impacts of climate factors on kiwifruit yield. 
Furthermore, extreme weather events were manually extracted and analysed 
highlighting the effects of different event types on kiwifruit production. 

Collectively, these datasets provide a comprehensive database of raw information for 

quantifying the severity of extreme weather events and evaluating their alignment across 

different extraction methods. Next, in Section 20, we will cover our proposed method for 

severity quantification. 

 

20 Extreme Weather Events Severity Quantification 

This section presents our methodology for quantifying the severity of extreme weather events. 

Beyond a na¨ıve binary event labelling (i.e., yes or no), we established a more perceptive 

method to assign a continuous severity scale (ranging from 0.0 to 1.0) to each of the events 

based on the tone of their textual descriptions through sentiment analysis and semantic 

evaluations among those descriptions. This continuous representation enables finer-grained 

analysis and enhances the interpretability of model outputs in downstream applications. 
In our investigation, two complementary approaches were explored to derive severity 

scores: 

1. Sentiment Analysis and Semantic Similarity Scoring 

We employed a sentiment analyser and a semantic similarity model to evaluate the 
textual descriptions of extreme weather events. The sentiment analyser is based 
on the distilbert-base-uncased-finetuned-sst-2-english9  model, while the 

 

8https://chatgpt.com  
9https://huggingface.co/distilbert-base-uncased-finetuned-sst-2-english 
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Fig. 30: Word cloud for the highest severity events. 

 

 

(a) Lowest severity event example 1. (b) Lowest severity event example 2. 

Fig. 31: Word clouds for two examples of the lowest severity events. 
 
 

semantic similarity model is all-MiniLM-L6-v210. Sentiment analysis was con-
ducted to assess the overall emotional tone of each description, while semantic 
similarity scoring captured the contextual relevance of event details. The final sever-
ity score was obtained by combining sentiment and semantic similarity scores with 

assigned weights based on their relative importance, where a higher score indicates 
greater event severity. 

To further analyse the textual characteristics of extreme weather event descrip-
tions, word clouds were generated. Fig. 30 presents the word cloud for the highest 
severity events, while Fig. 31 shows two examples of word clouds for the low-
est severity events. Fig. 32 is the overall word cloud, which was constructed by 
averaging the word weights across all events, providing a general summary of the 
dataset. 
We summarise our key observations from the word clouds as follows: 

• Highest Severity Events (Fig. 30): Dominant terms such as heavy, rain, 
potentially, and flooding indicate that high-severity events are often characterised 
by intense rainfall and localised flood risks. 

• Lowest Severity Events (Fig. 31): Terms like small, new, hotspot, and formed 
suggest the presence of minor or emerging conditions, such as small drought 

hotspots, rather than large-scale impacts. 
 

10https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2 
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Fig. 32: Word cloud summarising all events. 

 
• All Events Summary (Fig. 32): The frequent occurrence of terms such as 

dry, conditions, drought, and rainfall reflects the predominance of drought-related 
impacts and rainfall variability across the entire dataset. 

These visualisations reinforce the textual patterns identified through the severity 
quantification process and provide qualitative support for the assigned severity 
scores. 

2. Direct Semantic Similarity Computation Using LLMs 

As a complementary approach, we employed a LLM-based similarity scoring 

method to directly assess the severity of event descriptions. The intensity scores 
are also ranging from 0.0 to 1.0, where higher scores correspond to more severe 
events. These scores were derived based on assessments of the detailed description 
of the events. 

The outcomes of these two methods offer complementary perspectives on the sever-

ity of extreme weather events, providing a robust foundation for the subsequent alignment 

evaluations presented in Section 21. 

 

21 Extreme Weather Events Alignments Evaluation 

This section evaluates the alignment between i) extreme weather events extracted by LLMs 

from NIWA news articles and climate reports, and ii) climate anomalies detected from NZ daily 

climate data. The objective is to assess the consistency between narrative-based extrac-tions 

and observation-based anomaly detections, providing insights into the reliability of automated 

extraction methods for extreme event monitoring. 

 

21.1 Alignment Evaluation Methodology 

We evaluated the alignment between extracted extreme weather events and detected climate 

anomalies through a three-step process: 

1. Event Extraction: Extreme weather events were extracted from NIWA reports, 
including event type, start time, and end time (see Section 19). 
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Fig. 33: Distribution of events by anomaly detection status (Total: 254 events). 
 
 

2. Anomaly Detection: Isolation Forest — a machine learning method for anomaly 

detection — was applied to NZ daily climate data, labelling each value as 0 (nor-
mal), 1 (positive anomaly, above the threshold), or -1 (negative anomaly, below the 
threshold), retaining only 1 and -1 for further analysis. 

3. Matching Procedure: Events were matched to detected anomalies from weather 
stations within a 20 km radius, during a specified time window. 

 

21.2 Overview of Events and Temporal Distribution 

We first provide an overview of the extracted events, presenting their alignment proportions 

and overall temporal distribution. 

 

Alignment Proportions 

Among the 254 extreme events, the anomaly detection results are summarised as follows: 

• 66 aligned events (25.9%): Anomalies were detected precisely at the event time. 
• 94 window-aligned events (37%): Anomalies were detected within a ±15-day 

window around the event. 
• 94 non-aligned events (37%): No anomalies were detected either at the event 

time or within the ±15-day window. 

Fig. 33 illustrates the distribution of events across these three categories, highlighting that 

while a portion of extreme events corresponded directly with detected anomalies, many 

required broader temporal consideration, and some events were not captured by anomaly 

detection at all. 

 

Temporal Distribution 

The timeline of the 254 extreme events, categorised by anomaly detection outcomes, is 

presented in Fig. 34. Events are grouped into aligned, window-aligned, and non-aligned cate-

gories based on their anomaly detection status. This visualisation reveals temporal clustering 

patterns and highlights periods with higher or lower anomaly alignment. 

Aligned events were mainly concentrated during the summer months (December–

February), window-aligned events showed a broader temporal spread, and non-aligned events 
were more evenly distributed across the year. 
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Fig. 34: Timeline of the 254 extreme events classified by anomaly detection results. 
Events are categorised into three groups: Aligned (anomalies detected exactly at event 
time), Window-Aligned (anomalies detected within a ±15-day window), and Non-
Aligned (no anomalies detected). 

 
Extreme Event Anomaly Detection 

To detect extreme events in daily climate records, we applied the Isolation Forest algo-

rithm to each climate feature individually, treating the task as univariate anomaly detection. 

This approach allowed us to identify feature-specific deviations without being influenced by 
inter-variable correlations. The contamination parameter, which  determines the proportion of 

outliers, was set according to the highest observed ratio between known extreme events and 

total daily observations. Anomalies were then assigned directional labels: +1 for the most 

extreme high values, -1 for the most extreme lows, and 0 for all other cases. The identified 

outliers for each feature will later be cross-examined against events extracted from reports and 

news articles, with the aid of LLMs, to validate and contextualise the anomalies within real-
world occurrences. 

 

Event-Anomaly Matching Analysis 

To evaluate the correspondence between reported extreme weather events and detected 

anomalies, we present a joint visualisation of overlap and breakdowns in Fig. 35a. Out of a 

total of 2,983 anomalies and 254 recorded events, 1,375 anomalies were matched to events, 

indicating a moderate alignment (overlap). However, 1,608 anomalies (approximately 54%) 

remained unmatched, while 94 events (37% of all events) did not align with any anomaly. 
Fig. 35b further categorises the 1,375 matched anomalies based on their temporal align-

ment with the associated event. A majority of matched anomalies occurred before (531) or 

during (541) the event period, supporting the hypothesis that anomalies often precede or 

coincide with extreme events. An additional 303 anomalies were observed after the event, 

which may reflect lingering climate disturbances or post-event recovery periods. The remain-

ing 1,608 unmatched anomalies may represent undetected or unreported events, or noise in 

the anomaly detection process. 
On the event side, Fig. 35c provides a breakdown of the 94 unmatched events. Among the 

records, 23 events lacked station information, and 33 were associated with stations that did 

not have corresponding climate data. Only 38 unmatched events had climate data available, 

suggesting that most unmatched cases are attributable to data availability issues. For the 
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(a) Venn diagram showing event-anomaly 

overlap 

 

 

(b) Temporal distribution of matched 

anomalies 

(c) Data availability and matching types 

for events 

Fig. 35: Event and Anomaly Matching Analysis. 
 

 
160 matched events, 66 were strictly aligned with anomalies, while 94 were matched through 

a relaxed window-based approach. 

To better understand the unmatched events that still have available climate data (38 in 
total), we further analysed their characteristics in terms of event duration and event type (Fig. 

36). 
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Fig. 36: Distribution of unmatched events with climate data by duration (left) and 
event type (right). 

 
 

Duration Analysis: A large majority of the non-aligned events are short in duration, 
with 26 out of 38 events (68%) lasting only a single day. A few events span longer periods, 

including 7 events lasting 7 days and 2 events lasting up to 120 days. The short duration of 

most events may contribute to the difficulty in identifying corresponding anomalies, especially 

if the anomaly window or detection threshold is not sufficiently sensitive to brief disturbances. 

Event Type Analysis: Most non-aligned events are droughts (27), followed by heavy 

rain events (9), with only one case each of rain and storm. This suggests that while droughts 
are temporally prolonged phenomena, their climate signal may be subtle or distributed across 

time, making them harder to match within fixed anomaly windows. Conversely, heavy rain 

events typically have stronger signals, but their short duration might not coincide precisely 

with detected anomalies. 

Our Verdict: The lack of alignment for these 38 events can largely be attributed to 
temporal resolution mismatches, subtle or distributed anomaly signatures (as in droughts), 

and potential thresholding limitations in the anomaly detection algorithm. Future work may 

explore adaptive window sizes or anomaly scoring methods that better capture subtle yet 
meaningful deviations in climate variables.  

 

21.3 Seasonal Distribution Analysis 

This section analyses the seasonal occurrence patterns of extreme events, first presenting the 

overall distribution, followed by distributions across different alignment categories.  

 

Overall Seasonal Distribution 

Fig. 37 presents the seasonal distribution of all 254 extreme events according to customised 

seasonal definitions for the crop. The Fruit Set period (December–February) recorded the 
highest number of events, while the Dormant period (June–August) had the fewest. This 

pattern suggests a strong concentration of extreme events during the fruit development stage. 
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Fig. 37: Seasonal distribution of all 254 extreme events. Seasonal distribution 
of aligned events based on customised seasonal periods: Dormant (June–August), 
Budbreak (September–November), Fruit Set (December–February), and Harvest 
(March–May). 

 
Seasonal Distribution by Alignment Category 

Fig. 38a shows the seasonal distribution of aligned events. A strong concentration was 

observed during the Fruit Set stage (December–February). 

Fig. 38b presents the seasonal distribution of window-aligned events based on customised 

seasonal definitions. Similar to aligned events, a large proportion of window-aligned events 

occurred during the Fruit Set period (December–February), suggesting that extreme events 

during this stage may exhibit slight temporal offsets from detectable anomalies. 
Fig. 38c presents the seasonal distribution of non-aligned events. Despite the absence of 

detected anomalies, a large proportion of non-aligned events still occurred during the Fruit Set 

(December–February) and Harvest (March–May) periods. 

In addition to temporal patterns, it is important to understand the types of extreme 

weather events that occurred. The following section analyses the distribution of event types 

across different alignment categories.  

 

21.4  Event Type Distribution Analysis 

In this section, we analyse the types of extreme weather events across different alignment 

categories. Understanding the distribution of event types provides insights into which kinds of 

events are more likely to align with detected climate anomalies. 

The event type distribution is presented in Fig. 39a. Droughts, heavy rain, and floods were 

the most frequent event types among aligned events. The event type distribution for window-

aligned events is shown in Fig. 39b. Drought events dominated this category, followed by heavy 
rain events. The distribution of event types among non-aligned events is shown in Fig. 39c. 

Drought events were predominant, accounting for the majority of the non-aligned category. 
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(a) Aligned Events (b) Window-Aligned Events 
 

(c) Non-Aligned Events 

Fig. 38: Seasonal distribution across different alignment categories. Seasonal distribu-
tion of aligned events based on customised seasonal periods: Dormant (June–August), 
Budbreak (September–November), Fruit Set (December–February), and Harvest 
(March–May). 
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(a) Aligned Events (b) Window-Aligned Events 
 

(c) Non-Aligned Events 

Fig. 39: Event type distribution across different alignment categories. 
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Across all categories, droughts were the most common type of extreme event, espe-

cially dominating the non-aligned group. Floods and heavy rain events were more frequently 

observed among aligned and window-aligned events, indicating stronger correspondence 
between these event types and observable climate anomalies. 

In addition to event type patterns, spatial distribution provides critical insights into the 

regional vulnerabilities to extreme weather events. The next section examines the geographic 

distribution of events across different alignment categories.  

 

21.5  Location Distribution Analysis 

We next examine the geographic distribution of extreme events across alignment categories. 

The spatial distributions of extreme weather events are summarised by the bar charts 

in Fig. 40. Fig. 40a and Fig. 40b present the top 15 locations with the highest frequencies 
of aligned and window-aligned events, respectively. Northland and Auckland consistently 

ranked among the most affected regions across all alignment categories, suggesting persistent 

susceptibility to extreme weather impacts. In contrast, Fig. 40c highlights the top 15 locations 

for non-aligned events, identifying areas that may warrant further investigation to assess 

potential data coverage limitations or unique localised event characteristics.  

 

21.6  Anomaly Feature Patterns Analysis 

Finally, we examine the anomaly feature patterns associated with aligned and window-aligned 

events. Aligned events were associated with direct temperature and rainfall anomalies, while 

window-aligned events exhibited meaningful pre-event signals, suggesting potential for early 

warning detection. 

 

Analysis of Aligned Events 

The heatmap in Fig. 41 summarises the anomaly patterns associated with different types of 

aligned extreme weather events. Key observations from the heatmap include: 

• Drought events exhibited strong associations with high-temperature anomalies: 

–  Positive anomalies were observed in Tmax(C) (67 instances), ET20(C) (30 

instances), and ET10(C) (31 instances), suggesting intensified drought conditions. 

• Flood events and Heavy rain events were closely associated with positive 
anomalies in Rain(mm): 

–  28 instances of rainfall anomalies for floods and 32 instances for heavy rain events 
were recorded. 

• Negative anomalies in relative humidity (RH(%)) were frequent in drought 
events: 

–  38 instances of negative RH(%) anomalies were detected, reinforcing the presence 
of arid conditions. 

Overall, the results demonstrate meaningful correspondences between detected meteorological 

anomalies and reported extreme events. 
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(a) Aligned Events (b) Window-Aligned Events 
 

(c) Non-Aligned Events 

Fig. 40: Top 15 locations for extreme events across different alignment categories. 
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Fig. 41: Heatmap illustrating anomaly patterns aligned with extreme weather events. 
Droughts were strongly associated with high-temperature and low-humidity anomalies; 
floods and heavy rain events corresponded to positive rainfall anomalies; and fire 
events were linked to low-humidity anomalies. (Note: In this heatmap, feature names 

prefixed with 1 indicate positive anomalies (above standard values), and -1 indicate 
negative anomalies (below standard values).) 

 
Analysis of Window-Aligned Events 

We further analysed extreme events that did not directly align with detected anomalies. To 

expand the temporal matching window, we considered anomalies occurring within 15 days 

before or after the reported event period. In the corresponding heatmap, feature names are 

prefixed with 1 or -1 to indicate positive and negative anomalies, respectively, and anomalies 
are labelled based on their temporal relation to the event (#1 for before, #-1 for after). 

Fig. 42 visualises the anomaly patterns observed around window-aligned events. Key findings 

from the non-aligned events heatmap analysis include: 

• Drought events continued to show strong associations with temperature-related 
anomalies: 

–  Positive anomalies were observed in Tmin(C) (51 instances) and Tdry(C) (30 
instances). 

–  Anomalies in Tgmin(C) and Tgmax(C) were also notable. 

• Heavy rain events were often preceded by anomalies in radiation and rainfall 
features: 
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Fig. 42: Heatmap illustrating anomaly patterns associated with window-aligned 
extreme events. (Note: Feature names prefixed with 1 or -1 indicate positive and 

negative anomalies relative to standard thresholds. Anomalies are labelled as #1 if 
occurring before the event and #-1 if occurring after the event.) 

 
–  Positive anomalies in Rad(MJ/m2), TWet(C) and Rain(mm) were identified. 

• Frost events showed fewer but relevant associations, mainly in pressure anomalies. 
• Fire events exhibited prior anomalies in wind-related features such as WDir(Deg) 

and WindRun(Km). 

These results suggest that even when direct temporal alignment is not observed, extreme 

events are often preceded by detectable meteorological anomalies, highlighting the potential 

for early warning signals based on anomaly detection. 

 

22 Extensibility Verification - Case Study on US 
Data 

We applied our methods to a new dataset from the United States to demonstrate the extensi-

bility of our extreme event data retrieval framework. This case study includes a multi-faceted 

severity quantification analysis and alignment evaluation between detected anomalies and 

recorded extreme events. We extended our framework with two distinct severity scoring 

methods: 

1. Anomaly-Based Severity Quantification 
Anomalies (both positive and negative) were clustered based on their values to 
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establish feature-specific severity thresholds. Events were then evaluated based on 
the severity levels of their associated anomalies. 

2. NOAA-Based Severity Quantification 

Using direct indicators of impact from the Storm Events database11 of National 
Oceanic and Atmospheric Administration (NOAA)—such as deaths, injuries, and 
economic losses—we constructed a rule-based and weighted scoring system to assess 
event severity. 

Following severity quantification, we conducted a detailed comparative analysis of the two 

scoring methods, assessing differences in severity classification and exploring their corre-

lation. We then analysed the alignment between anomalies and events, including event type 

distribution and anomaly frequency heatmaps categorised by event type. 

 

22.1 Anomaly-Based Severity Quantification 

This method evaluates the severity of extreme events based on the intensity and frequency 

of meteorological anomalies. A two-stage process was implemented: i) anomaly clustering for 

each variable to determine severity thresholds, and ii) rule-based aggregation to derive event-
level severity scores. This approach captures deviations from normal climate conditions and 

emphasises the meteorological extremity of events. 

 

Anomaly Clustering and Threshold Derivation 

We separately process positive anomalies (anomaly = 1) and negative anomalies (anomaly = 

-1) for each meteorological variable. Only features with sufficient sample size (at least three 

values) are eligible for clustering to ensure reliability. For features with limited unique values, 

a customised classification logic is applied:  

• Single-value feature: All instances are classified as low severity. 
• Two-value feature: The smaller value is labelled low, the larger medium. 
• Three or more values: K-means clustering (k = 3) is applied. Cluster labels are 

assigned based on centroid order: 

–  Smallest centroid → low severity 
–  Middle centroid → medium severity 
–  Largest centroid → high severity 

The derived thresholds for each feature are stored for use in downstream analysis. For 

instance: 

• Wind-related features: 

–  AWND (Average Wind Speed): anomaly > 9.84 → low, > 12.53 → medium 
–  WSF2 (2-min Gust): anomaly > 25.1 → low, > 29.1 → medium 

• Temperature features: 

–  TAVG: anomaly > 79.0°F → low, > 84.0°F → medium 
–  TMIN: anomaly > 58.0°F → low, > 63.0°F → medium 

 

11https://www.ncei.noaa.gov/stormevents/  
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• Weather-type indicators (WT*): Treated as high severity if any anomaly is 
present. 

 
Event-Level Severity Evaluation 

After deriving severity labels for anomalies, we perform event-level assessment by aggregating 
anomaly signals over the event duration. The evaluation process is as follows: 

• For weather-type features (WT*): Any anomaly triggers a high severity label 

for the event, due to the direct association with hazardous conditions (e.g., freezing 
rain, snow, tornado). 

• For other meteorological features: Severity is determined based on anomaly 
frequency: 

–  ≥ 3 anomalies → high severity 
–  2 anomalies → moderate severity 
–  1 anomaly → mild severity 

In cases where multiple features show anomalies, a cumulative severity judgement is made 

by prioritising WT* presence and summing anomaly occurrences across features. 

 

Special Case Handling 

• Missing thresholds: Features without valid thresholds are treated as low severity 
by default. 

• No anomaly records: Events with no detected anomalies are automatically 

labelled low severity. 
• Compound anomalies: Events with concurrent anomalies across multiple features 

may be upgraded in severity, depending on the anomaly count and type. 

 
Outputs and Validation 

The final outputs include: 

• A severity label (low, medium, high) for each event 
• A distribution summary of severity levels across the dataset 
• Visual examples highlighting the clustering results and representative severe events 

This method provides a quantitative and meteorologically grounded way to assess event 

severity. It complements impact-based scoring systems by capturing the degree of deviation 

from normal climate conditions. 

 

22.2 NOAA-Based Severity Quantification 

To complement the anomaly-based method, we implemented a scoring system based on the 
direct impacts of each event as recorded in the NOAA Storm Events database. Using fields such 

as deaths, injuries, and property or crop damage, we designed a multi-level rule-based and 

weighted system to classify event severity. This approach focuses on the real-world 

consequences of extreme events. 
 
 
 
 

 

86 



 

 

Severity Determination Criteria 

The classification system consists of both rule-based thresholds and a weighted scoring 

scheme, structured as follows:  

1. High Severity (direct assignment): 

• At least one direct death (DEATHS DIRECT > 0) 
• At least one direct injury (INJURIES DIRECT > 0) 
• Property damage ≥ $200,000 (DAMAGE PROPERTY NUM) 
• Crop damage ≥ $150,000 (DAMAGE CROPS NUM) 

2. Moderate Severity (direct assignment): 

• Property damage ≥ $30,000 
• Crop damage ≥ $10,000 

3. Low-to-Moderate Severity (weighted scoring): 
For events not covered by the above conditions, we calculate a severity score 

using weighted contributions from property and crop losses: 

• Property Damage Score (weight 0.7): 

– 3 points: ≥ $50,000 
– 2 points: ≥ $20,000 
– 1 point: ≥ $3,000 
– 0 points: < $3,000 

• Crop Damage Score (weight 0.3): 

– 3 points: ≥ $50,000 
– 2 points: ≥ $10,000 
– 1 point: ≥ $3,000 
– 0 points: < $3,000 

4. Final Severity Label (based on weighted sum): 

• High Severity : total score ≥ 1.0 
• Moderate Severity : total score ≥ 0.4 
• Low Severity: total score < 0.4 

 
Design Rationale 

This scoring system reflects the following priorities: 

• Human casualties are given the highest priority; the presence of any death or injury 
results in immediate classification as high severity. 

• Significant economic damages are directly classified into moderate or high severity 
levels. 

• For smaller-scale events, a fine-grained scoring system allows nuanced differenti-
ation, with a higher weight placed on property damage (0.7) compared to crop 

damage (0.3). 
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22.3 Comparison of Severity Scores 

To evaluate the consistency and divergence between the two severity quantification meth-ods, 

we conducted a comparative analysis across matched extreme weather events from the 

anomaly-based and NOAA-based datasets. 

 

Event Matching Strategy 

Events were matched using the following criteria: 

• Identical event dates 
• Same state of the US 
• Approximate matching of event type descriptions using fuzzy string similarity 

This matching procedure yielded: 

• 578 records in the anomaly-based dataset 
• 445 records in the NOAA dataset 
• 578 successfully matched events (within time range) 
• 0 unmatched events (outside time range) 

 
Severity Score Comparison 

Both scoring systems used the same three-level severity scale: 

low = 1,  medium = 2,  high = 3 

However, their distributions showed substantial differences: 

• Anomaly-Based Severity Distribution (578 events): 

– High: 377 events (65.2%) 
–  Medium: 67 events (11.6%) 
–  Low: 134 events (23.2%) 

• NOAA-Based Severity Distribution (445 events): 

–  High: 25 events (5.6%) 
–  Medium: 47 events (10.5%) 
–  Low: 373 events (83.8%) 

We computed the Pearson correlation coefficient between the severity scores from the two 

systems across the 578 matched events. The result was: 

r = −0.020 

This near-zero value indicates virtually no linear correlation between the two scoring methods. 

The slight negative trend further suggests disagreement between the two approaches in how 
they rank the same events. 

 

Interpretation 

The discrepancy highlights the fundamental difference in focus between the two systems: 

• NOAA-based method prioritises human and economic impact, capturing the 
societal severity of events. 
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Fig. 43: Distribution of matched events by event type. 

 
• Anomaly-based method reflects the meteorological intensity, focusing on the 

extent of deviation from climatological norms. 

As a result, an event may be considered meteorologically extreme but socially inconse-
quential (e.g., high wind without damage), or vice versa (e.g., minor meteorological anomaly 

causing major local impact due to infrastructure vulnerability).  

This comparison suggests that the two severity frameworks serve different but comple-
mentary roles. Depending on the application context (e.g., disaster planning vs. climate 

modelling), one may be more appropriate than the other, or both can be integrated to achieve 

a more comprehensive severity assessment. 

 

22.4 Event–Anomaly Alignment Analysis 

In this section, we evaluate the alignment between recorded extreme events and detected 

anomalies. We analyse the distribution of event types within the aligned data and explore how 

often different types of events co-occur with anomalies. A heatmap is constructed to visualise 
the frequency of anomaly detection across event types, providing insights into which categories 

are more consistently associated with abnormal meteorological conditions. 

 

Event Type Distribution 

Fig. 43 shows the distribution of matched events across different event types. The three most 

common categories were Heavy Snow (156 events), Flood (136 events), and Strong Wind (114 

events). These events constitute the majority of the dataset and therefore dominate the overall 

alignment statistics. 

 

Anomaly Frequency by Event Type 

To further explore how different types of anomalies are associated with specific event types, 

we constructed a heatmap of anomaly frequency by event type (Fig. 44). The x-axis rep-resents 

event types, while the y-axis shows anomaly types (denoted by feature name and direction). 

The colour intensity reflects the number of times a specific anomaly was observed in 

conjunction with a particular event type. 
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Fig. 44: Heatmap of anomaly frequency across different event types. 
 

 
Several key patterns emerge from the heatmap: 

• Precipitation-related anomalies (e.g., +PRCP, +SNOW, +SNWD) show strong asso-
ciations with events like Flood, Heavy Snow, and Flash Flood. 

• Wind anomalies (e.g., +WSF2, +WSF5, +AWND) are prevalent in Strong Wind and 

Tornado events. 
• Temperature-related anomalies (e.g., +TMAX, -TMIN) are frequently aligned with 

Excessive Heat, Frost/Freeze, and Extreme Cold/Wind Chill. 
• Weather-type indicators (e.g., +WT02, +WT03, etc.) are sparsely but clearly 

activated in several categories, often indicating presence of severe meteorological 
conditions. 

 
Interpretation 

The results indicate that many extreme events are accompanied by detectable meteorolog-ical 

anomalies. However, the nature and intensity of anomalies vary considerably by event type. 

While some event types, such as Flood and Strong Wind, are strongly linked with mul-tiple 

high-frequency anomalies, others like Lightning or Heat appear less frequently aligned, 
possibly due to the granularity of the anomaly detection method or data sparsity.  

These findings provide evidence that anomaly-based signals can be informative for iden-

tifying or anticipating certain classes of extreme weather events, and could be integrated into 

event forecasting or early warning systems. Due to this motivation, we have established a 

multi-hazard early warning systems for agriculture and a copy of the manuscript is recorded 

in Part IX of this report. 
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23 Challenges and Limitations 

Despite our achievements in extracting and analysing extreme weather event data, several 

challenges and limitations remain. We summarise them as follows: 

1. Lack of Ground Truth for Extreme Weather Event Data 
There is currently no authoritative and comprehensive dataset available for extreme 

weather events, making it difficult to verify the accuracy and completeness of the 
collected data. In particular, the LLM-extracted datasets exhibit several sources of 
inaccuracies: 

• Missing Identifications: Some extreme events were not recognised by the 
language model during the extraction process. 

• Extraction Errors: Incorrect event start and end times, as well as misclassifi- 
cation of event types (e.g., storms misidentified as hail), were observed. 

• False Identifications: In certain cases, events were extracted that did not 
actually occur in the original source material. 

2. Lack of Ground Truth for Severity Scores 
The absence of verified severity scores poses a major challenge for evaluating the 
effectiveness of the proposed severity quantification methods. Without access to 
ground truth labels, it is difficult to determine whether the model-generated severity 

scores accurately reflect the real-world impact of events. The availability of veri-
fied severity data would facilitate model calibration, validation, and more rigorous 
reliability assessments. 

 

24 Part V Conclusion 

In Part V, we developed a comprehensive framework for extreme event retrieval, severalty 

quantification, and validation of extreme weather event data. By integrating multiple data 
sources — including NIWA climate reports, industry annual reports, and daily climate 

observations — we constructed a comprehensive dataset for subsequent analysis. Severity 

scores were assigned to events through a combination of sentiment analysis and semantic 

similarity evaluation, providing a continuous measure of event intensity. 

The alignment analysis between LLM-extracted events and observed anomalies revealed 

meaningful correspondences, though notable inconsistencies remain. These findings under-
score both the potential and the limitations of current automated extraction and severity 

assessment methods. Addressing the lack of authoritative ground truth data will be critical for 

enhancing model calibration and improving reliability in future work.  
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Part VI 

XAI Framework for Short-term 
Climate Effects 

25 Part VI Introduction 

Climate variability and extreme events pose significant challenges to agricultural productiv-ity 

[72, 73]. Predictive models capable of estimating crop yield under such uncertainty are vital 

for informed decision-making and risk mitigation. However, many traditional post-hoc 

Explainable Artificial Intelligence (XAI) methods, such as SHAP [74] and LIME [75], implic-
itly assume feature independence when attributing importance. In climate datasets, this 

assumption is often violated because numerous variables (e.g., temperature, humidity, radi-

ation, and evapotranspiration) exhibit strong spatial and temporal correlations. As a result, 

these methods tend to distribute importance diffusely or inconsistently across correlated 

features, leading to unstable or misleading explanations that obscure true climate drivers.  
In Part VI, we address this challenge by applying Convolutional Neural Network (CNN) 

with Temporal Attention mechanisms to predict crop yields and interpret the underlying tem-
poral patterns. CNN is capable of exploiting local spatial or temporal dependencies through 

convolutional filters, which capture joint patterns among features and across time [76, 77]. In 

our journey of framework development, both 1-dimensoinal CNN (1D-CNN) and 2-

dimensoinal CNN (2D-CNN) architectures were investigated. We began with 1D-CNN 

enhanced by a temporal attention mechanism to extract short-term dynamics and identify key 
growth phases that influence crop yield. Despite the 1D-CNN effectively models temporal 

dependencies within each feature, it cannot capture cross-feature relationships — which are 

crucial for understanding interactions among temperature, humidity, and other co-varying 

climate variables. 

To overcome this limitation, we extended our modelling framework to 2D-CNN with 

Convolutional Block Attention Module (CBAM) [78]. Unlike traditional XAI methods, our 

framework can exploit both spatial and temporal relationships among correlated variables 
through convolutional filters, which extract local feature patterns and build hierarchical rep-

resentations. By structuring climate features into a 2-dimensoinal feature-time space, our 

proposed 2D-CNN framework jointly learns intra-feature and inter-feature dependencies, 

producing more coherent, physically meaningful, and robust explanations. 

Our investigation specifically focused on evaluating how extreme events influence yield by 

analysing their impact on temporal attention patterns and prediction performance. We 

integrated daily climate data and annotated extreme weather events to help identify critical 
time periods that influence yield outcomes while additional work can be done on feature-level 

attribution. Different from our earlier analyses which focus on kiwifruit’s yield in New Zealand, 

our experiments in Part VI are centred on apple’s yield prediction in California (CA) and 

Washington (WA) states in the United States, as well as grape’s yield prediction in Coonawarra  

and Lake Cullulleraine regions of Australia. More information on the datasets can be found in 

Section 26. Our experiment results demonstrate competitive prediction accuracy while 
producing interpretable attention-based insights. 
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Table 14: Summary of data sources by region and crop type 
 

Crop Type  Region Climate Features Extreme Event Types Yield Years 

Apple 
California (CA) 22 9 2010–2023 

Washington (WA) 31 8 2010–2023 

Grape 
Coonawarra 72 5 2018–2024 

Lake Cullulleraine 82 5 2018–2024 

 

26 Data Sources for Our Experiments 

This study integrates three primary data types across multiple regions and crop types, as 

summarised in Table 14. 

• Climate Data: Daily meteorological records collected across full growing sea-
sons. The number of climate features varies by region: California (22 features), 
Washington (31 features), Coonawarra (72 features), and Lake Cullulleraine (82 
features). 

• Extreme Events: Manually or externally annotated extreme weather events, 

including strong winds, flooding, and extreme temperatures. Each region includes 
a distinct number of event types: California (9 types), Washington (8 types), 
Coonawarra (5 types), and Lake Cullulleraine (5 types). 

• Yield Records: Ground-truth annual yield data are used as prediction targets. 

Apple yield records are available for California and Washington from 2010 to 2023, 
while grape yield records for Coonawarra and Lake Cullulleraine span from 2018 to 
2024. 

 

27 Framework #1: 1D-CNN with Temporal 
Attention (1D-CNN-TA) 

Let us first introduce our Framework #1: Convolutional Neural Network (CNN) with Tem-

poral Attention, named 1D-CNN-TA, aiming to extract short-term dynamics and identify 

key growth phases that influence yield. 

 

27.1 Model Architecture 

To capture both local temporal patterns and growing season-wide dynamics in climate 

sequences, we adopt a hybrid architecture combining a CNN with a temporal attention 

mechanism. CNN layers are effective in extracting short-term dependencies through localised 
filters, while the attention module enables the model to focus on the time steps that are 

most influential to the yield. This design allows the model to learn both fine-grained local 

trends and high-level temporal structure. In addition, the learned attention weights provide 

interpretability by highlighting key periods throughout the growing season. 

The model processes multivariate daily time series as input, structured as a C ×T matrix, 

where C is the number of input features (e.g., 22 for California climate data), and T is 

the number of time steps (typically 365 days). Three input configurations are evaluated: 

climate-only, extreme-events-only, and a combined setup. 
As illustrated in Fig. 45, the input is first passed through a two-layer 1D-CNN backbone: 
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Fig. 45: Overview of our proposed Framework #1 (1D-CNN with Temporal Attention) for yield prediction. 

9
4

 



 

 

• Conv1: Applies 64 filters with a kernel size of 3 over all input channels. Zero-
padding preserves the temporal dimension, resulting in an output of shape 64 × 

T . The choice of 64 filters balances expressiveness and computational efficiency, 
providing sufficient capacity to capture diverse local temporal patterns without 
incurring excessive cost. 

• Conv2: Applies 32 filters with the same kernel size over the Conv1 output, yielding a 

compact representation of shape 32×T . Reducing the number of channels from 64 to 
32 helps compress feature representations, improving generalisation while reducing 
model complexity and overfitting risk. 

The attention module then operates on the 32 × T feature map. It computes a scalar 

attention weight for each time step, normalised via a softmax function to form a probability 
distribution over time. These weights are used to compute a weighted sum across all time steps, 

producing a fixed-size context vector. 
This context vector is finally passed through a fully connected layer to generate the yield 

prediction. The overall model is lightweight, end-to-end trainable, and provides temporal 

interpretability through visualisable attention distributions. 

 

27.2 Input Settings and Experimental Design 

To assess how different input sources affect yield prediction accuracy and model interpretabil-
ity, we evaluate three input configurations: 

• Exp. 1 – Climate Only: Daily multivariate climate features, excluding any 

extreme event information. Fig. 46 provides an example of the input feature set 
used for apple yield prediction in CA and WA. 

• Exp. 2 – Climate + Extreme Events: Climate features concatenated with 
binary indicators for annotated extreme events, forming an enriched time series. This 
setting tests whether event labels enhance predictive power and interpretability. 

• Exp. 3 – Extreme Events Only: Daily binary indicators representing the occur- 

rence of extreme events, without climate data. Fig. 47 shows the types of extreme 
events used for CA and WA. 

All configurations use the same 1D-CNN-TA model architecture described in Section 27.1. 

The model takes a full-season daily sequence (typically 365 days) and predicts the final crop 
yield. Each experiment is conducted separately for different crop types and regions: 

• Apple Yield Prediction: California (CA) and Washington (WA) states in the US, 

using data from 2010 to 2023. 
• Grape Yield Prediction: Coonawarra and Lake Cullulleraine regions in Australia, 

using data from 2018 to 2024. 

For each crop-region pair, the three input configurations are evaluated independently. 

Training and testing follow a leave-one-year-out or cross-year strategy, with repeated runs to 

ensure result stability. 
Model performance is evaluated using: 

• Prediction Accuracy: Compared to ground-truth yields. 
• Error Reduction: Relative to the long-term average yield baseline. 
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Fig. 46: Climate features used for apple yield prediction in CA and WA. 

 
 

Fig. 47: Extreme event indicators used for apple yield prediction in CA and WA. 

 
• Attention Interpretability: Analysed via the temporal distribution of attention 

weights and their alignment with known seasonal phases or extreme events. 

 

27.3 Experiments on the Apple Data in the US 

27.3.1 California (CA) State 

Model Performance Summary 

We evaluated all three input configurations on the California apple yield dataset from 2010 to 

2023. Fig. 48 illustrates the temporal attention patterns across all three input configura-tions. 

Exp. 1 (climate only) focuses attention on mid- to late-season periods, such as Days 59–72, 

140–147, and 348–363, aligning with key stages in the apple growth cycle. Exp. 2 (climate + 

extreme events) assigns the same number of high-attention days (73), but redis-tributes them 
more broadly, including early-season windows like Days 13–19 and 24–35, as well as mid-

season periods (e.g., Days 80–103 and 159–168). This indicates that extreme event 

information helps the model capture more temporally diverse signals.  

In contrast, Exp. 3 (extreme events only) yields no high-attention time steps, despite 

a comparable overall accuracy. This suggests that extreme event indicators alone lack the 

temporal density or granularity to guide attention in the California context. 
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Fig. 48: Temporal attention patterns for California apple yield prediction across three 
input configurations. Red shading indicates high-attention periods. 

 
 

Table 15 summaries the accuracy and attention characteristics of all configurations. While 

Exp. 2 achieves the highest accuracy and temporal coverage, the improvements over Exp. 

1 are modest in prediction terms but more pronounced in interpretability. The long-term 
average baseline (Exp. 4) yields the lowest accuracy and provides no temporal insight.  

Further analysis in Fig. 49 shows the overall distribution of attention weights and overlap-

ping high-attention time periods. Overlap between Exp. 1 and Exp. 2 occurs at Days 131–136, 
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Table 15: Accuracy and high-attention periods for California apple yield under dif-
ferent input configurations. 

 

Experiment Accuracy High Atten-
tion Points 

High Attention Periods (Day-of-Year) 

Exp. 1 87.65% 73 days 38–41, 46–47, 59–72, 86–89, 121–123, 140–147, 
   214–217, 234–240, 251–254, 310–315, 342, 

   348–363 

Exp. 2 87.92% 73 days 13–19,  24–35,  80–103,  131–136,  159–168, 

   209–214, 272–274, 294–297, 354 

Exp. 3 87.39% 0 days NA 

Long-Term Avg. 86.61% NA NA 

 

Fig. 49: Attention weight statistics and temporal overlap analysis between Exp. 1 and 
Exp. 2 in California. 

 
 

209–214, and 294–297, indicating some consistency across settings. However, Exp. 2 reveals 
unique early- and mid-season windows not captured by climate-only input, demonstrating its 

added interpretive value. 

 

Year-Specific Error Reduction 

We further examine prediction accuracy in 2022 and 2023, two contrasting years in terms of 

yield. Table 16 reports the predicted yields, ground-truth yields, average yield baseline, and 

resulting error reduction. 

The results show that both Exp. 1 and Exp. 2 significantly outperform the average base-line 
in both years. The margin is especially pronounced in 2022, a year with lower yield and more 

favourable model fit. In 2023, although the ground-truth yield was higher, the model still 

reduced error by more than 8%, showing robustness across yield scenarios. 

 

Year-specific Performance: 2022 Attention and Accuracy Analysis 

In 2022, all three experimental configurations (Exp. 1–3) achieved high accuracy for Califor-

nia apple yield prediction, each exceeding 99%. Exp. 1 (climate only) produced the highest 
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Table 16: Prediction performance on CA apple yield (2022–2023). 
 

Year Input Setting Ground Truth Prediction Error Reduction 

 
Average Yield 18,000 17,675 NA 

2022 Exp. 1 18,000 18119.27 63.30% 

 Exp. 2 18,000 18119.12 44.89% 

 Exp. 3 18,000 17907.7 71.60% 

 
Average Yield 23,500 17,675 NA 

2023 Exp. 1 23,500 18076.09 6.89% 

 Exp. 2 23,500 18166.01 8.43% 

 Exp. 3 23,500 17907.7 3.99% 

 
accuracy at 99.34%, followed by Exp. 3 (extreme events only) at 99.49%, and Exp. 2 (cli-

mate + extreme events) at 99.00%. The long-term average baseline (Exp. 4) yielded a lower 

accuracy of 98.00%. 
Despite comparable accuracy, the attention distributions differ notably across models. Exp. 

1 and Exp. 2 each identified 73 high-attention days, but with distinct temporal pat-terns. 

Exp. 1 concentrated attention on mid- to late-season periods (e.g., Days 128–144 and 151–156), 

aligning with known strong wind events. In contrast, Exp. 2 emphasised a broader temporal 

span, including early- and mid-season intervals (e.g., Days 48–54, 131–135, and 153–154), 

again aligning with extreme wind occurrences. 
Interestingly, Exp. 3 (extreme events only) also yielded meaningful temporal interpretabil-

ity, with 68 high-attention days. Many of these corresponded directly to annotated extreme 

events, such as Days 4–20 (flood and strong wind), and Days 127–160 (multiple strong wind 

periods). This suggests that event-only inputs, although lacking continuous climate trends, still 

carry sufficient signal for attention-based temporal modelling. 

Table 17 summarises the accuracy and high-attention periods across all experimental 

settings. The majority of high-attention periods coincide with known climate anomalies, 
particularly strong wind events and temperature extremes, reinforcing the model’s capacity  to 

associate adverse conditions with yield variability – especially in climatically volatile years like 

2022. 

 

Comparison to Long-Term Average 

To assess the value of using full-resolution daily inputs versus coarser temporal granularity, 

we compare attention-based performance across different input formats: daily data, 5-day 

average, 10-day average, and 20-day average. All settings use the same model architecture with 
combined climate and extreme event inputs. 

As shown in Table 18, the full 365-day input achieves the highest attention resolution, with 

73 distinct attention points spread across key seasonal phases. However, performance remains 

competitive even under coarser resolutions. Notably, the 20-day average yields the highest 

prediction accuracy (88.14%), despite resulting in far fewer high-attention points (only 4). 
This suggests a trade-off between interpretability and predictive accuracy: finer granularity 

offers richer insight into critical periods, while coarser aggregation may enhance robustness. 

Fig. 50 visualises the overlapping attention periods identified under different input gran-

ularities. Despite differences in format, overlapping high-attention segments (highlighted in 

red) are consistently concentrated in biologically meaningful intervals such as Days 40–110 
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Table 17: Accuracy and high-attention periods with extreme event alignment for 
California apple yield prediction in 2022. 

 

Experiment Accuracy High Atten-
tion Days 

High Attention Periods & Extreme 
Events 

Exp. 1 99.34% 73 days Days 16–18, 52–56, 65, 100–102, 128–144: 

Strong  Wind;  151–156:  Strong  Wind; 
159–176, 193–199, 230–231, 258–268 

Exp. 2 99.00% 73 days Days 48–54, 113–118, 131–135: Strong Wind; 
153–154: Strong Wind; 163–165, 177–183, 
209–211, 232–236, 262–296 

Exp. 3 99.49% 68 days Days 4–20: Flood, Strong Wind; 87–104: 
Strong Wind; 127–140: Strong Wind; 147–
160: Strong Wind; 188–192 

Long-Term Avg. 98.00% NA NA 

 
Table 18: Comparison of attention patterns under different temporal granularities 
(CA, Exp. 2: Climate + Extreme Events). 

 

Input Days Accuracy High Attention Days 

365 Days (Daily) 87.92% 73 points: Days 13–19, 24–35, 80–103, 131–136, 
159–168, 209–214, 272–274, 294–297, 354 

5-day Average 87.63% 15 points (8–22): Days 40–110 

10-day Average 87.96% 8 points (4–6, 14–15, 32–34): Days 40–60, 140–150, 
320–340 

20-day Average 88.14% 4 points (6–8, 16): Days 120–160, 320 

 
and 120–160, indicating that even low-resolution inputs can preserve signal relevant to yield 

formation. 

 

27.3.2 Washington (WA) State 

Model Performance Summary 

In Washington (WA), all three experimental configurations (Exp. 1–3) achieved competitive 

accuracy for apple yield prediction, with all results above 88%. Exp. 3 (extreme events only) 

yields the highest accuracy at 90.20%, followed by Exp. 2 (climate + events) at 89.24%, 

and Exp. 1 (climate only) at 88.80%. The long-term average baseline (Exp. 4) also reaches 

88.80%, indicating limited improvement from climate-only features in this region. 
Although similar in prediction accuracy, the three experiments exhibit distinct attention 

distributions. Exp. 1 focuses on mid- to late-season periods such as Days 151–161, 213–224, 
and 247–250, aligning with key physiological stages of fruit development and maturation. Exp. 

2 produces a wider temporal focus, spanning early (Days 9–12), mid (Days 56–76), and late-

season periods (Days 266–274), suggesting that the addition of extreme events enhances 

temporal diversity in attention. 
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Fig. 50: Comparison of attention periods under varying input granularities. Overlap-
ping high-attention intervals across formats are highlighted in red. 

 

 
Table 19: Accuracy and high-attention periods for Washington apple yield under 
different input configurations. 

 

Experiment Accuracy High Atten-
tion Points 

High Attention Periods (Day-of-Year) 

Exp. 1 88.80% 73 days 12–19,  52–56,  74–77,  125–133,  151–161, 
   188–189, 199–207, 213–224, 238–242, 247–250, 

   282, 291–293 

Exp. 2 89.24% 73 days 9–12, 20–22, 33–50, 56–76, 83–92, 102, 

   115–118, 166, 178, 266–274, 293 

Exp. 3 90.20% 49 days 4–8, 43–46, 259–280, 283–300 

Long-Term Avg. 88.80% NA NA 

 
Exp. 3 highlights 49 high-attention days using only extreme event indicators. Despite the 

absence of granular climate variables, this model still captures relevant late-season windows 

(Days 259–300), along with early-season intervals (Days 4–8), indicating the strong standalone 

utility of extreme event labels in WA. 

Fig. 51 illustrates the attention weight distributions across the three configurations, while 
Fig. 52 highlights overlapping periods, particularly during the harvest window. Table 19 

summarises accuracy and high-attention periods across all experiments. 

 

Year-Specific Error Reduction 

Table 20 summarises the prediction performance of all input configurations for Washington 

(WA) apple yield in 2022 and 2023. While all three experimental settings achieved comparable 
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Fig. 51: Temporal attention distributions for WA across Exp. 1–3. Each configuration 

highlights different seasonal stages, with overlapping focus around the harvest phase. 
 
 

accuracy in 2022, their error reduction over the long-term average baseline differs noticeably 
across years. 

In 2022, Exp. 1 (climate only) achieved the largest error reduction (5.96%) compared to 

the average yield baseline, followed closely by Exp. 3 (events only) at 5.78%. Exp. 2 (climate 
+ events) yielded minimal error reduction (1.01%), suggesting that in this year, climate 
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Fig. 52: Overlap of high-attention days across WA experiments. Late-season windows 
(Days 266–300) show consistent alignment across configurations. 

 

 
Table 20: Prediction performance on WA apple yield (2022–2023). 

 

Year Input Setting Ground Truth Prediction Error Reduction 

Average Yield 35,500 41,150 NA 

Exp. 1 
2022 35,500 40,813.28 5.96% 

Exp. 2 35,500 41,093.17 1.01% 

Exp. 3 35,500 40,823.26 5.78% 

Average Yield 44,000 41,150 NA 

Exp. 1 
2023 44,000 40,778.26 13.04% 

Exp. 2 44,000 41,356.81 7.26% 

Exp. 3 44,000 42,730.58 55.46% 

 
features alone were sufficient for accurate predictions, and adding event data provided limited 

incremental benefit. 

In contrast, 2023 presents a different pattern. Exp. 3 demonstrated a significant improve-

ment with a 55.46% error reduction, substantially outperforming both Exp. 1 (13.04%) and 
Exp. 2 (7.26%). This suggests that extreme events played a more prominent role in shaping 

yield outcomes in 2023, reinforcing the importance of capturing these disruptions explicitly. 

 

Year-specific Performance: 2022 Attention and Accuracy Analysis 

In 2022, all three experimental configurations (Exp. 1–3) achieved comparable prediction 

accuracy for Washington apple yield. Exp. 1 (climate only) reached 85.03%, Exp. 2 (climate 

+ extreme events) was slightly lower at 84.09%, and Exp. 3 (extreme events only) matched 

closely at 85.00%. The long-term average baseline (Exp. 4) recorded 84.08%. 
Despite the similarity in accuracy, the attention patterns reveal meaningful differences. 

Both Exp. 1 and Exp. 2 produced 73 high-attention days, but their temporal distributions vary: 

- Exp. 1 concentrated attention on Days 49–59 and 263–267, aligning with docu-

mented extreme snow and heat events. - Exp. 2 demonstrated broader temporal coverage, 

highlighting Days 53–57 and 159–171, again associated with snow anomalies. 
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Table 21: Accuracy and high-attention periods with extreme event alignment for 
Washington apple yield prediction in 2022. 

 

Experiment Accuracy High Atten-
tion Days 

High Attention Periods & Extreme 
Events 

Exp. 1 85.03% 73 days Days 49–59: Extreme Snow; 73–82, 133–134, 
201–208, 217–218, 234, 244–256, 263–267: 
Heat; 276–281, 296–307, 360–362 

Exp. 2 84.09% 73 days Days 29–31, 40–45, 53–57: Extreme 
Snow; 85–86, 136–138, 159–171: Extreme 
Snow; 179–187, 190–193, 201–207, 245–255, 
273–278: Heat; 296–297, 361–362 

Exp. 3 85.00% 18 days Days 4–8, 147–155: Extreme Snow; 359–362 

Long-Term Avg. 84.08% NA NA 

 
Interestingly, even though Exp. 3 uses only binary event indicators, it identified 18 high-

attention days, notably Days 147–155 (extreme snow) and 359–362 (year-end anomalies). This 

suggests that event-based signals alone can provide focused and interpretable information in 

years with dominant weather disturbances.  

Table 21 summarizes the alignment between attention and extreme events across all 

experiments. 

 

Comparison to Long-Term Average 

To assess how attention patterns evolve across temporal granularities, we compare Experi-

ment 2 (Climate + Extreme Events) using daily, 5-day, 10-day, and 20-day aggregated inputs. 

While the full 365-day setting achieves the highest accuracy (89.24%), the more aggregated 

versions—despite lower accuracy—reveal complementary insights into seasonal trends. 

As shown in Table 22, all configurations consistently highlight periods within early and late 

growing seasons. The 365-day model attends to a wide span of high-risk windows, espe-cially 
Days 33–50 and 266–274, which are linked to early spring variability and pre-harvest stress. 

The 5-day average retains strong alignment with early-season volatility (Days 30–50) and 

adds mid-season peaks (Days 90–135). In contrast, the 10-day and 20-day models shift 

attention toward the late-season period (Days 270–340 and 260–320, respectively), reinforcing 

the importance of post-flowering and harvest phases. 

Fig. 53 visualises these attention timelines, with overlapping regions highlighted in 

red. Notably, the aggregation-based models detect complementary periods not captured by the 
daily setting alone, demonstrating how different temporal granularities can enhance 

interpretability by surfacing multi-phase stress events. 

 

27.3.3 Summary of Findings & Insights 

Our cross-state comparison reveals several consistent patterns and region-specific insights: 

• Consistent Attention to Late-Season Periods 
Across both California (CA) and Washington (WA), the models consistently assign 
high attention to late-season time windows, particularly around Days 260–300. 
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Table 22: Comparison of attention patterns under different temporal granularities 
(WA, Exp. 2: Climate + Extreme Events). 

 

Input Days Accuracy High Attention Days 

365 Days (Daily) 89.24% 73 points: Days 9–12, 20–22, 33–50, 56–76, 83–92, 102, 
115–118, 166, 178, 266–274, 293 

5-day Average 88.77% 15 points: 6–10, 18–27 Days: 30–50, 90–135 

10-day Average 88.64% 8 points: 27–34 Days: 270–340 

20-day Average 88.51% 4 points: 13–16 Days: 260–320 

 

Fig. 53: Attention timeline comparison across different temporal granularities in WA 
(Exp. 2). Overlapping high-attention windows are shaded in red. 

 
These periods align with known harvest stages, suggesting that the learned atten-

tion weights are reflective of biologically meaningful growth phases. This consistency 
underscores the model’s ability to identify and generalise critical temporal dynamics 
across different growing environments. 

• Extreme Events Enhance Temporal Coverage 
The inclusion of extreme event indicators (Exp. 2) leads to a broader temporal 
spread of attention in both states. Compared to climate-only inputs (Exp. 1), the 
hybrid configuration (climate + extreme events) captures earlier and more diverse 
phases of the growing season. This suggests that event annotations contribute 

complementary temporal signals, improving both interpretability and potential 
robustness to anomalies. 

• Region-Specific Utility of Extreme Events 
While climate features alone provide strong baseline predictions across both regions, 
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Table 23: Attention weight statistics and accuracy for 
Coonawarra grape yield prediction (All Sites). 

 

Experiment Accuracy Mean Attention Weight 

Exp. 1 93.25% 0.0137 

Exp. 2 93.01% 0.0137 

Exp. 3 92.41% 0.0137 

 
the standalone utility of extreme events (Exp. 3) varies by state. In WA, models 
trained solely on extreme event indicators achieve competitive accuracy and identify 
meaningful attention periods, highlighting the high informativeness of annotated 
events in this region. In contrast, in CA, the extreme-events-only model yields rea-
sonable accuracy but fails to identify distinct attention points, suggesting that event 
data in CA may be less granular or less correlated with yield outcomes when used 
in isolation. 

These findings collectively support the effectiveness of integrating attention-based models 

across diverse regions while emphasising the need for region-specific evaluation of input signal 

relevance. 

 

27.4  Experiments on the Grape Data in Australia 

This section evaluates whether the proposed 1D-CNN-TA framework can generalise effectively 

to grape yield prediction. Unlike apple datasets, which include fine-grained daily climate data, 

the grape datasets are constructed with coarser seasonal climate summaries. Our goal is to 
assess whether the same model architecture — without any structural modification — can still 

deliver accurate yield predictions across different regions and vineyard sites. 

The experimental results demonstrate that the framework remains robust across the grape 

datasets, achieving consistently high accuracy across all sites and configurations. However, 

due to the limited temporal granularity of the input (seasonal-level rather than daily), the 

attention mechanism fails to identify meaningful or discriminative time points. This limitation 
highlights the importance of fine-grained climate inputs in enabling temporal interpretability. 

If full-resolution daily climate data were available for the grape regions, we expect the 

attention module would yield more informative attributions and further enhance model 

interpretability. 

 

27.4.1 Coonawarra Region 

All Sites 

Table 23 summarises the model performance on grape yield prediction using climate and 

extreme event data from all Coonawarra stations combined. All three configurations achieve 
accuracy above 92%, with the climate-only model slightly outperforming the others. Because 

the grape datasets are provided at a seasonal (rather than daily) temporal resolution, the input 

sequences contain repeated values across all time steps. Consequently, the attention 

mechanism produces nearly uniform weights over time, and we report only the mean atten-

tion weight rather than specific high-attention days, as the latter would not correspond to 

meaningful temporal patterns. 
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Table 24: Attention weight statistics and accuracy for 
Coonawarra Penfolds site. 

 

Experiment Accuracy Mean Attention Weight 

Exp. 1 93.20% 0.0137 

Exp. 2 92.63% 0.0137 

Exp. 3 92.21% 0.0137 
 

 
 

Table 25: Attention weight statistics and accuracy for 

Coonawarra O’Deans site. 
 

Experiment Accuracy Mean Attention Weight 

Exp. 1 93.39% 0.0137 

Exp. 2 93.29% 0.0137 

Exp. 3 91.97% 0.0137 

 
Table 26: Attention weight statistics and accuracy for 
Coonawarra Ward site. 

 

Experiment Accuracy Mean Attention Weight 

Exp. 1 93.37% 0.0137 

Exp. 2 92.71% 0.0137 

Exp. 3 91.94% 0.0137 

 
Penfolds 

As shown in Table 24, performance trends at the Penfolds site are similar to the aggregated 

results. The climate-only configuration achieves the highest accuracy, while extreme events 

alone still yield over 92% accuracy, confirming their complementary predictive value. 

 

O’Deans 

At the O’Deans site (Table 25), model performance remains consistent with other locations. 

Climate-only and climate + events settings both exceed 93% accuracy. All models show stable 

attention behaviour. 

 

Ward 

Results from the Ward site (Table 26) also follow similar patterns, with accuracy across 

all configurations above 91.9%. The consistency in attention behaviour across experiments 

supports the model’s robustness at the site level.  
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Table 27: Attention weight statistics and accuracy for Lake 
Cullulleraine grape yield prediction. 

 

Experiment Accuracy Mean Attention Weight 

Exp. 1 93.02% 0.0137 

Exp. 2 92.52% 0.0137 

Exp. 3 92.75% 0.0137 

 
27.4.2 Lake Cullulleraine Region 

Table 27 presents the prediction results for Lake Cullulleraine. Model accuracy across all 

settings exceeds 92.5%, with nearly identical attention distributions. These results confirm that 
both climate and event features contribute effectively to yield estimation in this region. 

 

27.4.3 Summary of Findings & Insights 

Across all vineyard sites in Coonawarra and Lake Cullulleraine, the proposed 1D-CNN-TA 
model achieves consistently high accuracy, exceeding 92% under all experimental settings. 

These results demonstrate that the framework generalises well to grape yield prediction 

despite the shift from daily to seasonal climate inputs.  
However, because the grape datasets are constructed at a seasonal rather than daily tem-

poral resolution, the input sequences contain repeated values across all time steps. As a result, 

the attention mechanism produces uniform temporal weights and cannot identify meaning-ful 

high-attention days. This confirms that while the model remains robust for prediction, fine-

grained daily climate data are essential for deriving interpretable temporal attention patterns. 

Overall, the grape experiments highlight a clear distinction: the architecture is transfer-

able and effective for yield estimation across different regions, but the interpretability benefits 
of the attention module depend critically on the availability of daily climate information. 

 

28 Framework # 2: 2D-CNN with CBAM 
(2D-CNN-CBAM) 

In this section, we will introduced our improved framework. In contrast to traditional XAI 

methods and 1D-CNN, which treat features independently, the proposed 2D-CNN archi-

tecture explicitly models feature inter-dependencies through convolution across the feature 

dimension. This design alleviates the attribution diffusion problem in correlated climate 

variables and provides more stable, physically interpretable explanations of yield variability. 

 

28.1 Model Architecture 

The proposed model is a 2-dimensional Convolutional Neural Network (2D-CNN) enhanced 

with Convolutional Block Attention Module (CBAM) [78]. This design is aimed at jointly 

modelling temporal patterns and cross-feature interactions in climate data, while provid-

ing interpretable attention maps that highlight critical feature-time regions. The overall 

framework is illustrated in Fig. 54. 
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Fig. 54: Overview of our Proposed Framework #2 (2D-CNN with CBAM) – three convolutional blocks, each integrated 
with a CBAM. Spatial and channel attention maps are fused across layers to provide interpretable feature-time importance 
visualisation. 

10
9

 



 

 

Input Representation 

The input consists of daily climate records with 26 features over 365 days. Each sample is 

structured into a matrix of size 26 × 365, where the vertical axis corresponds to climate 

features (e.g., maximum temperature, humidity, etc.) and the horizontal axis corresponds to 
time (days of the year). This layout enables convolutional filters to jointly capture temporal 
trends and cross-feature interactions. 

 

Convolutional Blocks with CBAM 

The network comprises three sequential convolutional blocks. Each block performs 2-

dimensional convolution, batch normalisation, ReLU activation, max pooling, and dropout for 

regularisation. After every convolutional layer, a CBAM module is inserted to refine the feature 

maps. CBAM consists of two complementary attention mechanisms: 

• Channel Attention (CA): Learns the relative importance of intermediate convo-
lutional filters, highlighting which latent representations (e.g., temperature trends, 
rainfall anomalies) contribute most to yield prediction. Outputs include ca1, ca2, 
and ca3 at different depths. 

• Spatial Attention (SA): Generates a 2-dimensoinal attention mask over the 

feature-time plane (26 × 365), highlighting which climate variables are most critical 
at specific periods. Outputs include sa1, sa2, and sa3. 

Fused Feature–Time Attention Map 

Spatial attention maps from all three CBAM blocks are upsampled to the input resolution and 

averaged, producing a fused feature-time attention map. This map directly indicates which 

climate features and time periods drive model predictions, thereby enhancing interpretability. 

Rationale for Combining Channel and Spatial Attention 

Channel attention alone identifies the most informative latent representations, while spatial 

attention alone pinpoints the most relevant feature-time locations. By integrating both within 
CBAM, the model benefits from complementary strengths: CA selects the most useful learned 

filters, and SA emphasises critical feature-time regions. Together, they improve prediction 

accuracy and provide stable, interpretable climate-yield explanations. 

 

28.2 Hierarchical Clustering with Optimal Leaf Ordering 
(OLO) 

In CNN, the order of input features directly influences the convolutional operations, which are 

sensitive to the spatial adjacency of features. An arbitrary or unstable feature order can, 

therefore, lead to inconsistent outputs and performance variations. To mitigate this feature 
order dependency, we adopt a hierarchical clustering strategy combined with Optimal Leaf 

Ordering (OLO) [79, 80], where optimal leaf ordering12 in Python library Scipy was used. This 

approach ensures that semantically similar features are arranged adjacently and that the 

ordering remains stable throughout training. Keeping the feature order fixed until a deliberate 
refresh offers a practical compromise between stability and adaptability. Moreover, reordering 

events may themselves serve as informative indicators of underlying shifts in climate data, 

potentially revealing useful signals for further analysis. 
 

12https://docs.scipy.org/doc/scipy/reference/generated/scipy .cluster.hierarchy.optimal leaf 
ordering.html 
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Clustering Method 

We enable feature ordering by setting ENABLE FEATURE ORDERING = True. The specific clus-

tering method is determined via FEATURE ORDERING METHOD, where we evaluated four linkage 

options: ward, complete, average, and single. Among these, the average method was selected 

for its balanced trade-off between correlation strength and cluster flexibility. The simi-
larity metric is controlled by FEATURE SIMILARITY METRIC. We compared Pearson, cosine, 

Euclidean, and correlation measures, and identified Pearson correlation as the most effective 
metric for our climate feature data. 

With Pearson correlation fixed, the differences across linkage methods can be summarised 

as follows: - Ward: prioritises grouping features with higher absolute correlations, producing 

balanced clusters. - Complete: ensures all features within a cluster maintain consistently high 

correlations. - Average: maintains high overall within-cluster correlation but is less restrictive 
than complete linkage. - Single: may merge clusters based on a single highly correlated pair, 

often resulting in chaining effects. 

 

Implementation 

The procedure consists of the following steps: 

1. Feature similarity computation: compute pairwise correlations between fea-
tures across all samples and time steps, then convert similarities into a distance 
matrix. 

2. Hierarchical clustering: apply agglomerative clustering with the selected linkage 
method. 

3. Optimal Leaf Ordering: use scipy.cluster.hierarchy.optimal leaf ordering 
to reorder the dendrogram leaves by minimising the sum of pairwise distance 
between adjacent features, where pairwise distances are derived from the cor-
relation matrix. This optimisation ensures that highly correlated features are 
positioned next to each other in the final order. 

4. Feature reordering: update both training and test sets to match the derived 
optimal feature order, ensuring consistent alignment across experiments. 

Illustration 

Fig. 55 and Fig. 56 present a comparison of feature dendrograms before and after applying 

OLO. Fig. 55 shows the dendrogram with an arbitrary feature order, where adjacent leaves do 

not necessarily correspond to highly correlated features. In contrast, Fig. 56 displays the 

reordered dendrogram after OLO, where strongly correlated features are placed adjacently, 
resulting in more coherent clusters. This comparison clearly demonstrates how OLO improves 

spatial coherence and stabilises feature ordering.  

 

Benefits 

This hierarchical clustering with OLO yields several advantages: 

• Improved stability: feature order remains consistent across runs, reducing 
variance in model performance. 

• Enhanced spatial coherence: semantically related features are positioned adja- 
cently, strengthening the CNN’s capacity to extract meaningful patterns. 

• Interpretability: clustering groups climate features with similar dynamics, facili-

tating more stable and interpretable attention maps. 
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Fig. 55: Feature dendrogram with arbitrary ordering, where adjacency is inconsistent 
with correlation structure. 

 

 

 
Fig. 56: Feature dendrogram after applying OLO, where highly correlated features 
are aligned adjacently, enhancing spatial coherence. 

 
• Informative reordering: when reordering becomes necessary, it may highlight 

underlying shifts in data distributions, providing additional signals for climate 
analysis. 

In summary, hierarchical clustering with OLO provides a principled feature ordering 

strategy that not only improves CNN robustness and interpretability but also transforms 

feature order stability into a potential source of climate insight.  
 
 
 
 
 

 

112 



 

 

28.3 Adaptive Kernel Size 

In addition to feature reordering, we further address the problem of selecting appropriate 

convolution kernel sizes along the feature dimension. Kernel size design is crucial because 

it determines how many adjacent features are aggregated in a single convolution operation. 
Fixed kernel sizes may be suboptimal when feature dependencies vary across datasets or 

regions. To improve flexibility, we implement an adaptive kernel size strategy controlled by 

the parameter ENABLE ADAPTIVE KERNEL SIZES. 

 

Adaptive Kernel Size Methodology 

When ENABLE ADAPTIVE KERNEL SIZES = True, kernel sizes are automatically derived from 

the correlation structure of features. The procedure is as follows: 

1. Feature clustering and reordering: apply hierarchical clustering with OLO to 
reorder features by similarity. 

2. Strongly correlated grouping: identify contiguous groups of features whose 
pairwise correlation coefficients exceed a threshold GROUP CORR THRESHOLD (default 
= 0.5). 

3. Group size distribution: compute the lengths of contiguous strongly correlated 

groups (group sizes). 
4. Adaptive kernel height selection: 

• First convolutional layer: set kernel height to the 75th percentile (P75) of 
group sizes. 

• Second layer: set kernel height to the median of group sizes. 
• Third layer: fix kernel height to 3. 

5. Adjustment rules: enforce kernel heights to be odd numbers, capped by 
MAX KERNEL HEIGHT (default = 15) and the total number of input features. The 
temporal width of the kernels remains fixed as (7, 5, 3) with same padding. Spatial 
attention modules in CBAM maintain their kernel widths as (7, 5, 3). 

Under these rules, the adaptive kernel sizes selected for our dataset were: 

Layer 1: (5, 7),  Layer 2: (3, 5),  Layer 3: (3, 3). 

For comparison, when ENABLE ADAPTIVE KERNEL SIZES = False, we manually tested 

three sets of fixed kernel sizes. Given that our input climate data at Lake Cullulleraine has 

shape (26, 365) (features × days), we limited kernel heights to moderate values. The tested 
configurations were: 

[(7, 7), (5, 5), (3, 3), (1, 1)],  [(5, 7), (3, 5), (3, 3)],  [(3, 7), (3, 5), (3, 3)]. 

Table 28 reports the prediction accuracy across different kernel size configurations. The 

results confirm that the adaptive kernel sizes—specifically (5, 7), (3, 5), and (3, 3) for the 
three layers—achieved the best performance. 

The adaptive kernel design provides a principled way to align kernel heights with the 
underlying correlation structure of features, ensuring that semantically coherent groups are 
effectively captured at different convolutional stages. This not only improves prediction accu-
racy but also reduces the need for extensive manual tuning. The fact that the adaptive approach 

converged to the (5, 7), (3, 5), (3, 3) configuration, which also outperformed other fixed settings, 

validates the effectiveness of this method. 
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Table 28: Prediction performance under different kernel size configurations. The adap-
tive kernel sizes achieve the best overall accuracy and lowest error. 

 

Configuration Layer 1 Layer 2 Layer 3 Accuracy (%) MAPE (%) 

Fixed-1 (7,7) (5,5) (3,3), (1,1) 82.4 14.7 

Fixed-2 (5,7) (3,5) (3,3) 87.9 11.2 
Fixed-3 (3,7) (3,5) (3,3) 85.1 12.6 
Adaptive (5,7) (3,5) (3,3) 89.3 10.4 

 
Table 29: Accuracy comparison of Exp. 1 and Exp. 2 under daily input setting. 

 

Experiment 2016 2021 2024 

Exp. 1 84.59 63.73 88.28 

Exp. 2 73.63 58.53 85.02 

 

28.4  Experiments on the Grape Data in Australia 

We comprehensively evaluated the proposed 2D-CNN-CBAM framework using IBM climate 

data, with test years set from 2015 to 2024. This section presents accuracy results for 2016, 

2021, and 2024 as representative cases and provides detailed fused CBAM attention map 
visualisations for 2024. Two study regions, Lake Cullulleraine and Coonawarra Penfolds, were 

analysed under both daily input and daily with long-term average (LTA) input settings. 

 

28.4.1 Results and Analysis on Lake Cullulleraine 

Daily Input Results 

This section reports the experimental results obtained using daily input features without 

incorporating any LTA information. Table 29 summarises the accuracy of Exp. 1 and Exp. 2 

when tested on the years 2016, 2021, and 2024, respectively. 
Given the extensive visual outputs, the test year 2024 is selected as a representative 

example for detailed analysis. Fig. 57 and Fig. 58 illustrate the fused attention maps for 

Exp. 1 and Exp. 2, respectively. Based on these attention distributions, the top 15 most 

influential features were identified according to their average attention weights, and their 

temporal importance patterns were further analysed throughout the growing season. The 

resulting featural-temporal attention maps (Exp. 1: Fig. 59; Exp. 2: Fig. 60) reveal both the 
feature-level relevance and the seasonal dynamics across key phenological stages, including 

Dormant, Budbreak, Fruit Set, and Harvest.  

As shown in Table 29, incorporating extreme event information (Exp. 2) led to a slight 

decrease in accuracy. The visualisations in Fig. 59 and Fig. 60 indicate that while the inclusion 

of extreme event information changed the order of top-ranked features, several categories, such 

as growing degree days (GDD), humidity-related, air-temperature-related, and wind-speed-

related variables, remained dominant in both experiments. Temporally, Exp. 1 highlighted 
high-attention periods during the Dormant and late-season stages, whereas after incorporat-

ing extreme events (Exp. 2), no consistent temporal focus was observed, suggesting that the 

extreme-event features might have diluted the attention distribution. 
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Fig. 57: Fused attention map of Exp. 1 (daily input, 2024). The map shows the 
featural-temporal attention distribution, where darker colour indicates higher atten-
tion weight across both feature and time dimensions. 

 

 
Table 30: Accuracy comparison of Exp. 1 and Exp. 2 under daily with LTA input 
setting. 

 

Experiment 2016 2021 2024 

Exp. 1 81.62 61.13 87.59 

Exp. 2 77.49 61.95 86.67 

 
Daily with LTA Input Results 

Table 30 reports the results under the daily with LTA input setting. The accuracy slightly 
decreased in 2016 and 2024, indicating that integrating long-term average features may intro-

duce additional noise for certain years. As shown in Fig. 63 and Fig. 64, prior to adding extreme 

event information, air-temperature-related and LTA deviation features were among the most 

important variables. After adding extreme event information, however, features representing 

Drought, Heat, and Rain emerged as the dominant factors affecting yield predic-tion. 

Temporally, both experiments exhibited strong attention peaks during the late-season period, 
highlighting the potential impact of accumulated climatic stress during fruit ripening. 

 

28.4.2 Results and Analysis on Coonawarra Penfolds 

Daily Input Results 

Table 31 shows that model performance decreased slightly in 2016 and 2021 but improved 

substantially in 2024. Fig. 67 and Fig. 68 demonstrate that heat risk sum, frost risk sum, and 

high humidity sum were consistently among the top features. After incorporating extreme 

event information, additional event-based features such as Storm, Cold, Drought, Heat, and 
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Fig. 58: Fused attention map of Exp. 2 (daily input, 2024). Similar to Exp. 1, the 
attention map highlights the temporal focus and relative feature importance across 
the phenological stages. 

 

 

Fig. 59: Top 15 feature and temporal attention analysis for Exp. 1 (daily input, 2024). 
Left: Top features ranked by mean attention weights. Right: Temporal attention trend 
across the growing season. 

 
 

Rain emerged as key predictors. Temporally, both models exhibited high attention peaks near 
the late-season stage (around day 250), suggesting strong climatic influences during the pre-

harvest period. 

 

Daily with LTA Input Results 

Under the daily with LTA setting (Table 32), the model accuracy decreased in 2016 but 

improved in both 2021 and 2024. Fig. 71 and Fig. 72 reveal that heat risk sum, frost risk sum, 

and relative humidity min lta deviation remained among the top 15 features, while the inclu-
sion of extreme event indicators (Storm, Cold, Drought, Heat, and Rain) further enhanced the 

model’s interpretability of stress-related dynamics. Compared with the daily-input results, 
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Fig. 60: Top 15 feature and temporal attention analysis for Exp. 2 (daily input, 2024). 
Left: Top features ranked by mean attention weights. Right: Temporal attention trend 
across the growing season. 

 

 

Fig. 61: Fused attention map of Exp. 1 (daily with LTA input, 2024). The map shows 
the featural-temporal attention distribution, where darker colour indicates higher 
attention weight across both feature and time dimensions. 

 
 

the top-ranked features in this setting were dominated by LTA-deviation features, empha-

sising the significance of long-term climate anomalies. The temporal attention peaks around 

day 210 of the year indicate that this period may correspond to a critical stage for yield 

determination under accumulated environmental stress. 

 

28.4.3 Summary of Findings & Insights 

Across both of our studied regions—Lake Cullulleraine and Coonawarra Penfolds—the exper-
imental results provide several consistent insights regarding the predictive performance and 

interpretability of the proposed 2D-CNN-CBAM framework as follows: 
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Fig. 62: Fused attention map of Exp. 2 (daily with LTA input, 2024). Similar to Exp. 1, 
the attention map highlights the temporal focus and relative feature importance across 
the phenological stages. 

 

 

Fig. 63: Top 15 feature and temporal attention analysis for Exp. 1 (daily with LTA 
input, 2024). Left: Top features ranked by mean attention weights. Right: Temporal 
attention trend across the growing season. 

 
1. Model Performance Trends 

Overall, the baseline experiment (Exp. 1) achieved relatively stable accuracy across 
years and regions, whereas the inclusion of extreme event information (Exp. 2) pro-
duced mixed effects. Specifically, in Lake Cullulleraine, incorporating extreme event 
features slightly decreased prediction accuracy, suggesting possible redundancy 
between event indicators and existing climatic features. In contrast, the Coonawarra 
dataset showed accuracy improvement in 2024, indicating that the model effectively 
captured region-specific event-yield interactions in vineyards. These results suggest 
that the contribution of extreme event information is spatially dependent and may 
vary with local climate patterns and event frequencies. 

2. Feature Importance and Attention Shifts 
From the fused CBAM attention maps, several core variables—such as temperature, 
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Fig. 64: Top 15 feature and temporal attention analysis for Exp. 2 (daily with LTA 
input, 2024). Left: Top features ranked by mean attention weights. Right: Temporal 
attention trend across the growing season. 

 

 
Table 31: Accuracy comparison of Exp. 1 and Exp. 2 under daily input setting. 

 

Experiment 2016 2021 2024 

Exp. 1 78.44 72.52 66.24 

Exp. 2 66.90 70.01 77.67 

 
Table 32: Accuracy comparison of Exp. 1 and Exp. 2 under daily with LTA input 
setting. 

 

Experiment 2016 2021 2024 

Exp. 1 79.03 70.10 67.59 

Exp. 2 71.29 73.18 80.76 

 
humidity, wind speed, and growing degree days (GDD)—remained consistently 
influential across both experiments. However, the inclusion of extreme event infor-
mation altered their relative importance, with event-based features (Drought, Heat, 
Rain, and Storm) emerging as strong predictors in both regions. In Lake Cul-
lulleraine, these features replaced air-temperature-related LTA deviations as the 
main explanatory factors, while in Coonawarra Penfolds, they complemented exist-

ing stress indicators like heat risk sum and frost risk sum. This shift highlights the 
model’s capability to adaptively reweight climatological and event-driven signals. 

3. Temporal Attention Patterns 
The temporal attention distributions consistently revealed critical high-attention 
windows during the late-season stages (around day 210–250 of the year). In Lake 
Cullulleraine, additional early-season peaks were observed during the Dor-mant 
stage, indicating sensitivity to baseline temperature and humidity conditions. By 
contrast, in Coonawarra, attention was more concentrated in the late sea-son, 
reflecting the impact of heat stress and precipitation anomalies during grape 
maturation. 
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Fig. 65: Fused attention map of Exp. 1 (daily input, 2024). The map shows the 
featural-temporal attention distribution, where darker colour indicates higher atten-
tion weight across both feature and time dimensions. 

 
4. Overall Interpretation 

The comparative analysis demonstrates that the proposed 2D-CNN-CBAM frame-
work not only provides accurate yield predictions but also yields interpretable 
spatiotemporal patterns of climatic influence. The consistency of feature categories 
and attention dynamics across regions supports the model’s generalisability, while 
variations in event-related importance highlight the localised nature of extreme-
climate-yield interactions. These findings establish a foundation for subsequent 
interpretation and cross-region generalisation analysis presented in the next section. 

 

29 Evaluation of Our Proposed Frameworks 

29.1 Our Proposed XAI Frameworks vs Traditional Methods 

This study presents our proposed XAI frameworks to improve interpretability in short-term 

climate-yield modelling. Traditional XAI techniques struggle under multicollinearity because 

they assign inconsistent attributions to correlated features, often obscuring the true physical 

drivers of yield variability. Our CNN-based designs embed correlation awareness directly into 

the learning process, reducing post-hoc attribution instability. 
The 1D-CNN-TA Framework effectively captures intra-feature temporal dynamics and 

highlights critical growth phases that influence yield, such as flowering and harvest. However, 

since it treats each feature independently, its interpretability is limited to temporal variation 

within single variables. 

The 2D-CNN-CBAM Framework addresses this gap by mapping the data into a 2-

dimensional feature-time space. Through convolutional kernels and attention gates, it learns 

both inter-feature and intra-feature dependencies, producing attention maps that align well 
with known agro-physiological processes. This yields explanations that are more spatially 

coherent and physically interpretable than traditional post-hoc feature attribution. 
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Fig. 66: Fused attention map of Exp. 2 (daily input, 2024). Similar to Exp. 1, the 
attention map highlights the temporal focus and relative feature importance across 
the phenological stages. 

 

 

Fig. 67: Top 15 feature and temporal attention analysis for Exp. 1 (daily input, 2024). 
Left: Top features ranked by mean attention weights. Right: Temporal attention trend 
across the growing season. 

 
 

Table 33 summarises the differences among traditional XAI methods, and our proposed 

1D-CNN-TA and 2D-CNN-CBAM frameworks in terms of their ability to handle feature 

correlation and interpret underlying mechanisms. 
Nevertheless, attention-based explanations remain primarily correlation-driven – they 

indicate where the model focuses but not necessarily what causally drives predictions. To 

narrow this gap, our next phase will integrate gradient-based attribution (Integrated Gradi-

ents, IG) and long-term climatological baselines (LTA) to improve our model reasoning from 

both feature attribution and climatological perspectives. This combination aims to enhance 

interpretability fidelity, distinguish short-term fluctuations from long-term deviations, and 
strengthen robustness under climate variability.  
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Fig. 68: Top 15 feature and temporal attention analysis for Exp. 2 (daily input, 2024). 
Left: Top features ranked by mean attention weights. Right: Temporal attention trend 

across the growing season. 
 

 

Fig. 69: Fused attention map of Exp. 1 (daily with LTA input, 2024). The map shows 
the featural-temporal attention distribution, where darker colour indicates higher 
attention weight across both feature and time dimensions. 

 
 

In summary, in Part VI, we established the methodological foundation for interpretable 

deep learning in correlated feature environments, paving the way for the upcoming investiga-

tion on how to better explain long-term climate behaviours by unifying attention-based and 
gradient-based reasoning for comprehensive climate-yield explainability. 

 

29.2 Potential Problems and Remedies 

Although the CBAM-based attention mechanism has shown a consistent ability to gener-

ate meaningful temporal explanations, a recurring phenomenon is the appearance of sharp 

increases and decreases in the output attention map. These fluctuations, while not undermin-

ing the general interpretability of the model, suggest certain sensitivity within the attention 
generation process that warrants consideration. Understanding their origin is crucial for 
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Fig. 70: Fused attention map of Exp. 2 (daily with LTA input, 2024). Similar to Exp. 1, 
the attention map highlights the temporal focus and relative feature importance across 
the phenological stages. 

 

 

Fig. 71: Top 15 feature and temporal attention analysis for Exp. 1 (daily with LTA 
input, 2024). Left: Top features ranked by mean attention weights. Right: Temporal 
attention trend across the growing season. 

 
 

ensuring that the visualised patterns reflect genuine temporal dynamics rather than artefacts 

introduced by data characteristics or architectural design. 

One important contributing driver is the presence of extreme climatic events. According to 
official statements from the Bureau of Meteorology (BOM), as shown in Fig. 73, most recorded 

extremes—such as heavy rainfall, storms, and heat anomalies—occurred between September 

and December. 

This seasonal clustering coincides with the period in which attention maps exhibit pro-

nounced spikes or drops (see Fig. 74), indicating that the model is responding sharply to 

sudden and high-magnitude signals embedded in the input data.  
In such cases, the steep variation in attention values can be interpreted as an appropriate 

response to abrupt environmental changes, though it may also reduce the smoothness and 

continuity desirable for interpretation. 
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Fig. 72: Top 15 feature and temporal attention analysis for Exp. 2 (daily with LTA 
input, 2024). Left: Top features ranked by mean attention weights. Right: Temporal 
attention trend across the growing season. 

 
 

 
Table 33: Comparison of model interpretability and correlation handling capability. 

 

 

Model Type Ability to Handle 
Correlated Fea-

tures 

Interpretability 
on Correlation 

Typical Applica-
tion Scenario 

 
 

 

Traditional XAI, 

e.g., SHAP, LIME 

No — assumes fea-

ture independence 

Low; unstable attri-

bution under correla-

tion 

Tabular data with 

mostly independent 

features 

1D-CNN-TA Partial  —  captures 

temporal correlation 

 
2D-CNN-CBAM Yes — captures both 

feature and temporal 

correlation 

Medium; explana-
tions along time axis 

 
High; structured and 

stable explanations 

Time-series forecast-
ing and short-term 

prediction 

climate-yield mod-

elling, remote 
sensing, and mul-

tivariate coupling 

tasks 
 

 

 
Another cause lies in the multi-scale integration of attention maps within the CBAM 

structure. The final map is formed by aggregating three intermediate attention maps derived 

from successive convolutional layers, each operating at distinct spatial resolutions. Dur-

ing upsampling, discrepancies in feature-map dimensions inevitably introduce interpolation 
artefacts that can amplify local contrasts, resulting in abrupt transitions in the aggregated 

attention distribution. This behaviour reflects a structural limitation of multi-resolution fusion 

rather than a modelling error, yet it can visually exaggerate local changes and lead to 

misinterpretation if left unaddressed. Furthermore, early-layer CBAM outputs are sometimes 

found to exhibit near-binary activation patterns, assigning values close to zero or one across 
large regions. While this indicates strong feature separation in shallow representations, such 

binary responses may propagate upward and produce step-like edges or discontinuities in the 

final visualisation. 

To mitigate these effects, several remedies are proposed. From a data perspective, incor-

porating explicit indicators of extreme events and employing percentile-based feature scaling 
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Fig. 73: Screenshot of latest extreme reports from BOM. 
 

 
can help the network distinguish between genuine anomalies and normal seasonal variation, 
thereby moderating its reaction to extreme conditions. From an architectural perspective, 

introducing a diagnostic check to detect and filter near-binary attention maps before aggre-

gation, together with applying smoother interpolation strategies — such as bicubic or 

Gaussian-guided resampling — can reduce discontinuities caused by scale alignment. These 

enhancements aim to stabilise the attention visualisation while preserving its interpretabil-ity 
of temporal patterns. By integrating the aforementioned refinements, the CBAM-based 

attention mechanism can maintain interpretive clarity and continue to provide a reliable 

reflection of the temporal dynamics embedded in agricultural and climatic processes. 

 

30 Part VI Conclusion 

In Part VI, we proposed and evaluated two complementary deep learning frameworks for 

climate-yield prediction: i) 1D-CNN with Attention model (1D-CNN-TA) and ii) 2D-CNN with 

CBAM model (2D-CNN-CBAM). Both frameworks were designed to capture the tem-poral 

dynamics and feature-level dependencies in multi-source climate data, while providing 
interpretable insights through attention mechanisms. 
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Fig. 74: Extreme events primarily occur from September to December. 

 

 
The 1D-CNN-TA framework effectively modelled sequential climatic variations along 

the temporal dimension, offering clear interpretability through attention weight distribu-tions 

across key growth stages. This approach demonstrated strong baseline performance and 

robustness when trained on daily-scale climate inputs. However, its feature-wise inter-

pretability was relatively limited, as interactions among correlated climatic variables could not 

be fully represented. 
To address these limitations, the proposed 2D-CNN-CBAM framework extended the 

learning space to the feature-time domain, allowing simultaneous attention along both dimen-

sions. The experiments conducted on IBM climate data across two representative regions, Lake 

Cullulleraine and Coonawarra Penfolds, confirmed that the 2D-CNN-CBAM architec-ture 

provided enhanced representational power and finer-grained interpretability. The fused and 

featural-temporal attention maps revealed region-specific climate-yield relationships, 

highlighting key environmental drivers such as temperature, humidity, and extreme events 
(e.g., drought and heat stress). 

Comparative analysis further indicated that the integration of extreme event information 

had spatially dependent effects: it slightly reduced accuracy in the Lake Cullulleraine dataset 

but improved predictive stability in Coonawarra, where event-driven yield fluctuations are 

more pronounced. These findings demonstrate the adaptability of the 2D-CNN-CBAM 

framework to heterogeneous climatic contexts and its capacity to provide interpretable, high-

resolution insights into yield dynamics.  
In summary, the two frameworks together offer a comprehensive approach to interpretable 

yield prediction. The 1D-CNN-TA framework establishes a strong and explainable temporal 

modelling baseline, while the 2D-CNN-CBAM framework advances interpretability by uncov-

ering cross-dimensional feature-time dependencies. The insights obtained from these models 

lay the groundwork for subsequent integration with other explainable attribution techniques 

such as Integrated Gradients in Part VII. 
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Part VII 

XAI Framework for Long-term 
Climate Behaviours 

31 Part VII Introduction 

Long-term climate change is reshaping agriculture by shifting temperature and rainfall; and, 

as a consequence, raising the potential loss of water from land (aka evaporative demand). 

Climate scenarios developed by international and national agencies, including the family 

of Representative Concentration Pathways (RCPs) and Shared Socio-economic Pathways 
(SSPs), underpin forward-looking analyses and have spurred extensive work in identifying 

agricultural impacts [11, 28, 81, 82]. Across these scenarios, warming is the dominant pathway. 

Global warming speeds up the development of crops and shorten their time to maturity, while 

higher vapour pressure deficit increases water use and intensifies soil moisture stress. These 

environmental changes could reduce the stability of crop yields, and so as reducing their 
quality and increasing farm management complexity. Climate change is also reshaping the 

pattern of extreme weather: projections of future condition point to more frequent heatwaves 

in some seasons and places and, in others, higher frost risk [83]. Even an additional 0.5 °C 

of warming heightens temperature and precipitation extremes, with broader consequences for 
heat, heavy rain, and drought [84]. Evidence from the recent records of the fields shows that 

such events depress crop yields (for example, winter wheat in the Netherlands) and that 

compound events, such as a long drought followed by heavy rain, reduce maize and wheat 

production in the U.S. Midwest [85, 86]. As climate envelopes shift, the zones most suitable 

for particular crops also move, with implications for suitability, quality, and management 

choices [50, 56, 87]. 
In Part VII of this project, we extend our framework to analyse long-term climate 

behaviours in a single production region. This stage excludes spatial variance, enabling us to 

explain the long-horizon climatic influences specific to the local production environment. We 

first analysed sequences for outcomes and key climate features using classical decomposition 

in statsmodels13, Prophet model [88], and seasonal Autoregressive Integrated Moving Aver-
age (ARIMA) model [89]. Classical decomposition offers a clear split into trend, seasonality, 

and residual for interpretation, but it is descriptive and not intended for forecasting. Prophet 

model supplies flexible seasonality with change-points, yet in our setting the extracted trend is 

often too simple to capture dynamic structure. Seasonal ARIMA provides a statistically 
grounded baseline that models autocorrelation and seasonal dependence well, but estimation 

becomes slow as sequences lengthened and it is better suited to short- to medium-horizon use. 

We then studied weather volatility as a risk signal because it matters for planning, resilience, 

and yield stability. Our work involved combining rolling statistics to track local variance, 

entropy measures to summarise unpredictability, and using Generalised AutoRe-gressive 
Conditional Heteroskedasticity (GARCH) models to capture time-varying variance [90]. 

Existing research such as [81, 91, 92] all suggested that a dataset of spanning more 30 years is 

required for this kind of analyses. However, our available climate and yield history are 
 

13https://pypi.org/project/statsmodels/  
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below this target. To overcome this limitation, we put our attention on the contrasts between 

El Niñ o -Southern Oscillation (ENSO) phases – comparing El N iñ o  and La N iñ a  years aiming 

to capture their magnified effects. These comparisons highlight year-to-year risk differences, 
but any claims about shifts in event frequency or long-run volatility remain tentative. 

 

32 Long-Term Climate Behaviours 

In this study, we rely on pre-formatted, farm-level climate records of SILO and IBM datasets 

which were provided by The Yield Technology Solutions (now Yamaha Agriculture) along with 

their grape harvest yield history. Particularly, we put our attention on the Australian grape-

growing regions Coonawarra and Lake Cullulleraine. They are used as our illustrative cases to 
ground the analysis in contrasting viticultural settings. During data evaluation, inconsistencies 

were observed between the IBM and SILO datasets. Given these discrepancies and the broader 

temporal coverage offered by SILO dataset, we selected SILO dataset as the basis for long-term 

analysis. 

Each record links farm operations to weather and site characteristics: farm area, number 

of harvests, yield at each time step, daily climate variables, and static attributes such as 

vine establishment date and variety. The feature set comprises 72 variables for Coonawarra 
and 82 for Lake Cullulleraine. Our data preprocessing process removed empty (null) values in 

the target fields, computed accumulated unit yield for each farm, and then aggregated farm-

level series to regional summaries to align with the long-term objective of this chapter. Because 

the yield and climate series differ in coverage by region, we restrict analysis to the common 

time window defined by the earliest and latest overlapping years; where near term projections 

might be available, we include them and flag their status in the results. 

 

32.1 Sequence Data (Time Series) Analysis 

We examined long-term dynamics with three complementary tools: classical decomposition, 

Prophet model, and seasonal ARIMA model. Together they balance interpretability with a 

process based treatment of dependence. Classical decomposition treats the series as the sum 

or the product of components and estimates them directly. In the additive form,  

yt = Tt + St + Rt, 

Trend Tt is recovered using moving averages. Seasonality St comes from within period aver-

aging and re-centreing. The remainder is Rt = yt − Tt − St. The method assumes a fixed 

seasonal period and a slowly changing trend. Its strength is the clear separation of compo-

nents, which supports visual checks and comparison across regions and variables. Prophet 

model adopts an additive model with a flexible trend and multiple seasonalities, 

y(t) = g(t) + s(t) + h(t) + εt, s(t) = 
L[

ak cos(2πkt/P ) + bk sin(2πkt/P )
]
, 

k=1 

where g(t) is piecewise linear or logistic with change-points, 

g(t) = k t + 
L 

δj (t − sj )+  (piecewise linear), 
j=1 

and h(t) encodes calendar effects. It assumes additivity and sparse structural breaks; the 

formulation brings practical advantages: automatic change-point handling, multiple season-

alities via a Fourier basis, and robustness to gaps and outliers. Seasonal ARIMA treats the 
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series as a stochastic process and captures seasonal dependence through autoregressive and 

moving average terms, 

ϕ(B) Φ(Bs
) (1 − B)

d 
(1 − Bs

)
D yt = θ(B) Θ(Bs

) εt, 

where B is the backshift operator (Byt = yt−1). The polynomials ϕ(B) = 1 − ϕ1B − · · · − 

ϕpBp and Φ(Bs) = 1 − Φ1Bs − · · · − ΦP B
Ps  encode autoregressive terms, which relate 

the current value to its past values. The polynomials θ(B) = 1 + θ1B + · · · + θq Bq and 

Θ(Bs) = 1 + Θ1Bs + · · · + ΘQBQs encode moving-average terms, which relate the current 
value to past shocks. The differencing orders d and D remove low-frequency drift and seasonal 

mean shifts to achieve stationarity. Under linear dependence with white-noise innovations εt, 
seasonal ARIMA model supports likelihood-based estimation, well-calibrated prediction 
intervals, and strong performance over short to medium horizons when autocorrelation and 
seasonal persistence dominate. 

Fig. 75 presents sequence views of annual unit yield for Coonawarra and Lake Cullulleraine 

using decomposition, Prophet model and seasonal ARIMA model. In Coonawarra, the decom-
position trend rises early, softens mid-record and edges higher again, whereas Prophet model 

and seasonal ARIMA model show a steadier path. All three indicate a central level near 4, and 

in some fits the trend is slightly downward, suggesting that modest gains from technology and 

management may be offset by climate stress in parts of the record. Unlike temperature, which 

has clear intra-year cycles, the yield series shows little recurring seasonality, consistent with 

the small seasonal component. Residual swings read as short-run shocks linked to frost, heat, 
disease pressure or harvest logistics. Lake Cullulleraine shows a clearer upward trend across 

all methods. This is consistent with practice improvements and varietal renewal; the more 

diverse varietal mix in this region points to a greater uptake of newer cultivars. Sea-sonal and 

residual changes are small relative to the trend, reinforcing the limited seasonality of annual 

yields. 

One interesting thing we found is that low residual values appear to be associated with 

El N iñ o  bursts (see Fig. 76), providing further support for our claim that residual values may 

be driven by extreme events. Such finding aligns with existing regional research such as [93]. 
Across methods, decompose adds value as a diagnostic, which separates trend, seasonality and 

remainder explicitly, but it is sensitive to gentle structural drifts that the other two may smooth 

over Prophet model gives a simple near-linear trend that is useful for direction but can miss 

step changes after block redevelopment or policy shifts, and seasonal ARIMA model absorbs 

much of the serial correlation so residuals tighten and level adjustments are smoother, which is 
helpful for short and medium horizons but can mute slow structural change. 

Beyond yield, we examined key drivers, starting with temperature (Fig. 77). As expected, 

temperature varies at a higher frequency than yield, with a strong annual cycle. The trend 

indicates a gradual warming of about 0.5–1.0 ◦C in Coonawarra over the sample. Lake Cul-

lulleraine shows a stronger rise: the span of the trend exceeds 2 ◦C in the decomposition view 

and is above 1 ◦C with Prophet model. Absolute levels are lower in Coonawarra, consistent 
with its higher latitude relative to Lake Cullulleraine. The seasonal ARIMA model panels 
appear noisier over this multi-decade, strongly seasonal series, which underscores that sea-

sonal ARIMA model is more useful for short- to medium-horizon dynamics than for extracting 
long-run temperature trends. When we relate temperature to yield at the annual scale, asso-

ciations are weak, in line with evidence that slow warming explains only a small share of yield 

variation compared with management, water availability, pests and disease, and the impact of 

extreme events. We also analysed precipitation (Fig. 78). It shows much higher day to day 

variability than temperature, with roughly four times the short term range in our series, which 
makes trend extraction noisier. Within the available window we do not see a clear shift toward 

“less frequent but more intense” rainfall. In Coonawarra, for example, annual totals 
 

 

129 



 

 

 

  

(a) Unit yield of Coonawarra using Decom- (b) Unit yield of Lake Cullulleraine using 

pose. Decompose. 
 

(c) Unit yield of Coonawarra using Prophet (d) Unit yield of Lake Cullulleraine using 

model. Prophet model. 
 

(e) Unit yield of Coonawarra using seasonal (f) Unit yield of Lake Cullulleraine using sea- 

ARIMA model. sonal ARIMA model. 

Fig. 75: Sequence analysis on unit yield for region Coonawarra Penfolds and Lake 
Cullulleraine. 
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Fig. 76: El Ni ñ o  and La Niñ a indices reproduced from [6] 

 
in 2019 and 2022 are not markedly different, despite 2019 being widely regarded as a dry year. 

This points to spatial heterogeneity and a scale mismatch between farm records and region 
wide events. Even so, the component trends from decomposition and Prophet model line up: 

both regions show a local minimum around 2006 and a local maximum in early 2011, 

indicating a broader rainfall signal that both methods capture. When related to yield, wetter 

years sometimes precede small dips, consistent with waterlogging or disease pressure, while 

drier years have mixed effects that depend on irrigation, soil water storage and management. 
These associations are modest at the annual scale, so we treat them as indicative rather than 

causal. 

 

32.2 Volatility Analysis 

We further examine volatility, understood as the variability or unpredictability of climate sig-

nals, using three complementary approaches: rolling standard deviation (STDEV), entropy 

measures, and GARCH modelling. Together these capture short term fluctuations, struc-

tural irregularity, and conditional heteroskedasticity. A rolling STDEV provides a direct, 

nonparametric estimate of local variability,  

(w) 

v
u   1  L (w) 2 

σt = t 
w − 1 

i=0  

yt−i − y¯t , 

where w is the window length and y¯
(w) 

is the local mean. It highlights periods of heightened 

dispersion relative to a moving baseline, with interpretability and sensitivity to window size as 
key features. Entropy quantifies the degree of disorder in differenced sequences. For example, 
permutation entropy of order m and delay τ is 

H(m, τ ) = − 
L 

p(π) log p(π), 

π∈Sm 

where p(π) is the relative frequency of ordinal patterns π. Higher entropy signals more irreg- 
ular or less predictable fluctuations, complementing variance-based measures by capturing 
structural complexity. Finally, GARCH (generalized autoregressive conditional heteroskedas-

ticity) models volatility as a stochastic process with memory, 
σ2 

= ω + α ε2 
+ β σ2  , 

t t−1 t−1 
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(a) Maximum temperature of Coonawarra (b) Maximum temperature of Lake Cul- 

using Decompose. lulleraine using Decompose. 
 

(c) Maximum temperature of Coonawarra (d) Maximum temperature of Lake Cul- 

using Prophet model. lulleraine using Prophet model. 
 

(e) Maximum temperature of Coonawarra (f) Maximum temperature of Lake Cul- 

using seasonal ARIMA model. lulleraine using seasonal ARIMA model. 

Fig. 77: Sequence analysis on maximum temperature for region Coonawarra Penfolds 
and Lake Cullulleraine. 
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(b) Rainfall  of  Lake  Cullulleraine  using 

(a) Rainfall of Coonawarra using Decompose. Decompose. 
 

(c) Rainfall of Coonawarra using Prophet (d)  Rainfall  of  Lake  Cullulleraine  using 

model. Prophet model. 
 

(e) Rainfall of Coonawarra using seasonal (f) Rainfall of Lake Cullulleraine using sea- 

ARIMA model. sonal ARIMA model. 

Fig. 78: Sequence analysis on rainfall for region Coonawarra Penfolds and Lake Cul-
lulleraine. 
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(a) Rainfall volatility of Coonawarra. (b) Rainfall volatility of Lake Cullulleraine. 

Fig. 79: Rainfall volatility in two selected regions. 
 

 
where εt−1 are past shocks. The model assumes volatility clustering and supports likelihood-
based inference on persistence (α + β), early vs late dynamics, and conditional variance 

forecasts. These three approaches are complementary because different climate variables 
exhibit fundamentally different distributional properties. For example, rainfall is highly inter-

mittent, with long stretches of zero punctuated by bursts of values, while temperature 

varies more smoothly around a seasonal baseline. By combining the three perspectives, we 

obtain a more complete characterisation of volatility that adapts to both sparse, heavy-tailed 

distributions and continuous, smoothly varying signals. 

Fig. 79 presents volatility diagnostics of daily rainfall for Coonawarra Penfolds and 

Lake Cullulleraine using the three approaches introduced above. In both regions, the rolling 
STDEV and GARCH estimates highlight a clear regime shift after 2010: earlier years show rel-

atively mild fluctuations, while the post-2010 period is marked by more frequent and sharper 

swings, consistent with intensifying rainfall volatility. This pattern aligns with broader obser-

vations of increasingly erratic rainfall regimes in recent decades. Entropy, by contrast, remains 

largely stable across the record, reflecting distributional complexity but offering limited abil-
ity to distinguish between low- and high-volatility regimes. In Coonawarra, spikes in rolling 

STDEV and GARCH align with known wet bursts, underscoring their responsiveness to 

clustered rainfall events. Lake Cullulleraine shows a similar step-up in volatility magnitude, 

though with fewer extreme peaks, suggesting spatial and geographical contrasts between 

the two regions. One vivid example is the 2019 drought: while its severity was muted in 

Coonawarra, Lake Cullulleraine experienced almost no rainfall that year. The convergence of 
STDEV and GARCH on an upward shift in volatility points to potential structural changes 

in rainfall variability, though a longer span of data would be needed to confirm this trend with 

greater confidence. In contrast to rainfall, the volatility of temperature exhibits a differ-ent 

structure (see Fig. 80 and Fig. 81). Because temperature is continuously distributed and 

follows strong seasonal cycles, rolling STDEV and GARCH provide little additional insight 
beyond the obvious annual oscillations, largely echoing the recurring summer-winter swings. 

Entropy, however, highlights shifts in the frequency and intensity of variability, suggesting 
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(a) Maximum temperature volatility of Coon- (b) Maximum temperature volatility of Lake 

awarra. Cullulleraine. 

Fig. 80: Maximum temperature volatility in two selected regions. 
 

 
that episodes of unusual temperature fluctuation occur less often but are more pronounced 

when they do appear. Comparing maximum and minimum temperatures, maximum tempera-

ture shows sharper volatility spikes, particularly during extreme heat periods, while minimum 

temperatures are steadier but still exhibit occasional bursts during cold anomalies. These 
differences underscore the need to select volatility measures tailored to the statistical nature 

of each climate feature rather than applying a uniform approach. Rainfall volatility is best 

captured by rolling STDEV and GARCH due to clustered bursts around extreme events, 

whereas temperature volatility is more meaningfully characterised by entropy, which detects 

structural changes in variability against a strong seasonal baseline. 

Our analysis yields several observations. The dataset spans around twenty years, which 

is adequate for regional assessment but still short relative to many climate-shift studies, so 
long-horizon inferences remain tentative. In sequence decomposition and related analyses, the 

imprint of gradual climate trends on yield is subtle and often masked by geography, manage-

ment, and genetic improvement. Linking climate and yield behaviour to large-scale modes 

such as ENSO can aid interpretation of extremes and potential change points [93]. Across the 

examined features, volatility has increased, and the pattern of change differs between 

variables. This heterogeneity argues against a single metric for variability; rainfall, maximum 
temperature, and minimum temperature benefit from different measures, and an ensemble of 

diagnostics is likely to be more informative than any single approach. Extending the record 

would improve confidence and robustness. It also makes crop phenology central, because 

growth stages are shifting in warmer and drier conditions, which complicates alignment of 

responses over time. Evidence from global phenology research and Australian viticulture indi-
cates earlier developmental timing and compressed vintages, consistent with warming and 

moisture stress [94, 95]. In this case, using accumulated growing-degree days as timeline 

might alleviate such shifting but also introduces modelling challenges that still need careful 

treatment. 
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(a) Minimum temperature volatility of Coon- (b) Minimum temperature volatility of Lake 

awarra. Cullulleraine. 

Fig. 81: Minimum temperature volatility in two selected regions. 

 
32.3 Growing Degree Days and Crop Growth Stages 

Climate change has accelerated crop development by advancing the timing of key phenologi-

cal stages, even though its direct impact on yield levels is often more subtle. One of the most 

visible consequences of global warming is the shift in crop growth stages, with flowering, mat-
uration, and harvest dates occurring earlier in many regions. These temporal shifts are far 

more pronounced and consistent than yield trends, underscoring the need for measures that 

can capture the developmental pace of crops. Growing Degree Days (GDD) provide such a 

cumulative measure of thermal time and are widely recognised as a biologically meaningful 

index for crop development. By summing daily temperatures above a crop-specific threshold, 

GDD captures the thermal environment in which plants progress through phenological stages. 
This measure is particularly relevant in viticulture and horticultural systems, where GDD is 

closely associated with flowering, berry set, and ripening [96]. Numerous studies confirm that 

warming has advanced phenological phases globally [94], with Australian vineyards showing 

earlier maturity and compressed harvest windows, largely driven by increased GDD accumu-

lation [95]. Recent systematic reviews also emphasise that such phenological advancement is 
among the most prominent biological signals of climate warming worldwide [97]. 

In this case, we propose to use GDD as timestamp into our framework. Using GDD as 

a temporal unit in modelling frameworks provides several advantages. First, it better aligns 
analyses with the biological rhythm of crop growth stages, reducing the mismatch between cal-

endar time and developmental progress. Second, it reduces spatial differences, enabling more 

meaningful comparison of the same crop across different latitudes and even between hemi-

spheres, since equivalent GDD sums typically represent comparable developmental stages. 

Third, because GDD-based sequences link directly to thermal accumulation, they provide a 
useful reference point for interpreting the influence of large-scale drivers such as ENSO events, 

where shifts in seasonal heat accumulation can alter phenological timing across regions. In this 

way, GDD offers a biologically grounded axis for both local and large-scale yield analysis. 
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Despite these advantages, there are important difficulties in implementation. Each year 

accumulates a different total GDD, so sequences cannot be fixed at 365 time steps as with cal-

endar days. Continuous GDD values often need to be binned, which requires projecting other 
climate features onto these bins, and differences in annual accumulation then lead to variable 

sequence lengths across years. Normalisation is also problematic, as rescaling would break the 

alignment between GDD values and actual growth stages. Moreover, GDD is inherently crop-

specific and hence we cannot apply the same treatment across species. Finally, manage-ment 

practices such as irrigation, canopy manipulation, or pruning can decouple observed 

development from thermal accumulation, meaning that GDD alone may not fully capture 
realised phenological timing. These challenges highlight that while GDD is a powerful organ-

ising principle for growth-stage alignment, practical use in modelling requires careful design 

of binning strategies, crop-specific calibration, and integration with management data.  

To address these challenges, two potential directions can be considered. One approach is 

to introduce fixed cutoff points on cumulative GDD, thereby forming bins of consistent length 

across years. Other climatic features can then be recalculated or aggregated within these bins, 

ensuring that stage alignment is preserved while providing the model with inputs of 
standardised dimension. Although this approach requires careful design to avoid information 

loss, it allows existing models to be applied with minimal modification. Alternatively, recent 

advances in sequence modelling provide more flexible solutions by directly encoding irregular 

sequences. Methods such as neural controlled differential equations can represent varying 

time intervals without explicit resampling, thereby retaining the natural temporal resolution 

of GDD and associated features. This strategy avoids the need for extensive preprocessing but 
necessitates models capable of handling irregular input structures. These two directions 

provide both preprocessing-based and model-based pathways for more robust incorporation 

of GDD into predictive frameworks. 

 

32.4 Improved Explanation Framework for Long-term Data 
Modelling 

Building on our proposed 2D-CNN-CBAM framework (described in Section 28.1 of Part 

V), which focused on the daily climate-yield modelling using 2-dimensional Convolutional 

Neural Network (2D-CNN) with Convolutional Block Attention Module (CBAM), this study 

extends the approach toward long-term climate analysis. While CBAM provides intrinsic, 
attention-based visualisation of important feature-time regions, it does not explicitly quantify 

the contribution of input to the final prediction. This limitation becomes more critical when 

modelling multi-year, non-stationary climate data, where subtle feature interactions and long-

term trends must be disentangled from attention biases. Therefore, Integrated Gradients (IG) 

is incorporated as a post-hoc, gradient-based attribution method that complements the 
attention mechanism. 

 

Motivation for Adding IG. 

The CBAM attention mechanism identifies “where the model looks?” by learning inter-

nal weights through end-to-end optimisation. Although this offers intuitive interpretability, 

attention maps can be influenced by training regularisation, data imbalance, or layer-specific 

activations, and thus may not always reflect their true importance. IG addresses this issue 

by computing feature-level attributions directly from the model’s gradients with respect to the 

inputs. It quantifies “what drives the prediction?”, producing consistent and theoreti-cally 
grounded explanations that can validate or refine CBAM’s attention-based insights. In 
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Fig. 82: Integration of intrinsic (CBAM) and post-hoc (Integrated Gradients) 
explanation modules. The framework combines attention-based transparency with 
gradient-based attribution, enabling both local and global interpretability. 

 
 

long-term climate data modelling, IG is particularly valuable for verifying whether tempo-

ral or feature-level saliency patterns highlighted by attention correspond to actual predictive 

influence. 

 

IG Explanation. 

The IG method estimates the contribution of each input element (feature-day pair) to the 

model output by integrating the gradients along a linear path from a baseline (e.g., zero or 
climatological mean) to the actual input. This process yields a fine-grained, model-agnostic 

attribution map that can be aggregated across samples to form a global explanatory view. 

By applying IG to the trained 2D-CNN-CBAM model, we enable both local (sample-level) and 

global (dataset-level) interpretability. 
By comparing IG-based attributions with CBAM attention maps, we can: 

1. Validate whether the regions emphasised by CBAM align with high IG importance 
values; 

2. Quantify the consistency between intrinsic (attention-based) and post-hoc 
(gradient-based) explanations; 

3. Detect potential biases or overfitting if the two maps diverge significantly. 

 
Unified Explanation Framework 

Fig. 82 illustrates the integration of intrinsic (i.e., CBAM) and post-hoc (i.e., IG) explanation 
modules. The CNN backbone learns spatio-temporal representations from climate inputs, 

CBAM introduces intrinsic interpretability via channel and spatial attention, and IG provides 

an independent gradient-based attribution that can be locally or globally aggregated. By 

combining them together, these modules form an improved framework for long-term data 

modelling that combines attention-based transparency with gradient-based validation. 

• CNN: Learns hierarchical representations of temporal and cross-feature patterns in 

daily climate inputs. 
• CBAM: Provides intrinsic interpretability by highlighting important feature-time 

regions within the network’s learned attention weights. 
• IG (Local Explanation): Produces sample-specific attributions, quantifying how 

each feature-time pair contributes to the predicted yield. 
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Table 34: Comparison between CBAM Attention and IG/Aggregated IG explanations 
across multiple aspects. 

 

Aspect CBAM Attention IG / Aggregated IG 
 

Meaning Where the model looks? What drives prediction? 

Source Internal weights from attention module Gradient integration (post-hoc) 

Level Intrinsic, end-to-end; typically global 
(attention distribution across batch/test 
set) 

IG: Local (instance-level); Aggregated IG: 
Global (summarised across samples)  

Pros Fast, low-cost, intuitive Reliable attribution; global consistency 

Cons Not causal; may vary by layer Baseline-sensitive; computationally expen- 

sive 

Best Use Quick global visualisation Reliable local + global explanation 
 

 
• Aggregated IG (Global Explanation): Averages IG scores across the test set to 

produce global feature-time heatmaps that reveal long-term explanatory trends. 

 
Comparison between CBAM and IG-based Explanations 

To emphasise the complementary nature of attention- and gradient-based interpretations, 
Table 34 summarises their conceptual and practical differences. CBAM offers fast, intuitive, 

and intrinsic visualisation of attention focus, while IG provides more rigorous, input-sensitive 

attribution analysis that can validate or challenge the learned attention behaviour. This hybrid 

framework thus enhances both interpretability and trustworthiness in long-term climate-yield 

prediction. 

 

33 Experimental Setup 

33.1 Data Sources for Our Experiments 

This section utilises the SILO climate dataset, which provides long-term, high-resolution daily 

meteorological observations across Australia. We focus on two major grape-growing regions 

in South Australia, Lake Cullulleraine and Coonawarra Penfolds, for the period 2000–2024. 

The dataset includes a comprehensive set of daily climate variables, as well as long-term 

averages (LTA) for each feature. 

• Climate Data: Daily meteorological observations from the SILO climate database 

(2000–2024), including temperature, rainfall, humidity, radiation, evaporation, and 
etc. Two input settings were derived: i) daily features only, and ii) daily features 
combined with LTA. Feature counts vary across regions. 

• Extreme Events: Manually curated records of extreme weather events such as heat, 

cold, rain, droughts, and storms. Five categories of events are considered for each 
region (Heat, Cold, Rain, Drought, and Storm), providing contextual information 
for anomaly interpretation. 
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Table 35: Summary of grape-related data sources across regions using the SILO climate 
dataset. 

 

Input Setting Region Climate 
Features 

Extreme 
Event Types 

Yield Years 

Daily 
Lake Cullulleraine 19 5 200 0–2024 

Coonawarra Penfolds 20 5 200 0–2024 

Daily + LTA 
Lake Cullulleraine 36 5 200 0–2024 
Coonawarra Penfolds 38 5 200 0–2024 

 

 
Fig. 83: CAS variety yield across Lake Cullulleraine and Coonawarra Penfolds blocks 
(2000–2024). 

 
• Yield Records: Ground-truth annual grape yield data are used as prediction targets. 

Records are available for both Lake Cullulleraine and Coonawarra Penfolds, covering 
the period 2000–2024. 

Three primary data modalities were integrated to support the analysis, as summarised 

in Table 35. 

 

33.2 Yield Variation across Varieties, Blocks, and Regions 

Fig. 83 to Fig. 87 illustrate the temporal yield dynamics (2000–2024) for five grape vari-

eties (CAS, CHR, MER, SEMI, SHI) across different vineyard blocks and regions (Lake 

Cullulleraine vs. Coonawarra Penfolds). Several key observations can be made: 

• CAS Variety: Lake Cullulleraine (Block 12830) consistently outperforms all Coon-
awarra Penfolds blocks, reaching peak yields above 30 in recent years. In contrast, 
Coonawarra Penfolds blocks remain below 10, suggesting strong regional constraints 
(Fig. 83). 
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Fig. 84: CHR variety yield across Lake Cullulleraine blocks (2000–2024). 
 

 

Fig. 85: MER variety yield across Lake Cullulleraine blocks (2000–2024). 

 
• CHR Variety: Multiple Lake Cullulleraine blocks (10479, 20123, 20126, 22046, 

22841) show an upward trajectory since 2005, with yields exceeding 40 in peak 
years, indicating high productivity potential (Fig. 84). 

• MER Variety: Two Lake Cullulleraine blocks (10486, 12828) display highly syn- 
chronised trends, stabilizing around 20–30, with peaks surpassing 35 in the 2020s 

(Fig. 85). 
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Fig. 86: SEMI variety yield across Lake Cullulleraine blocks (2000–2024). 
 

 

Fig. 87: SHI variety yield across Coonawarra Penfolds blocks (2000–2024). 

 
• SEMI Variety: Yields are highly variable but show sharp increases after 2015, with 

some blocks exceeding 45. This suggests high responsiveness to favourable conditions 
but also greater inter-annual volatility (Fig. 86). 

• SHI Variety: Coonawarra Penfolds blocks exhibit generally low yields (<15), with 
the exception of Block 10097, which had an unusually high spike in early vintages. 

No long-term upward trend is observed (Fig. 87). 
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Overall, Lake Cullulleraine vineyards demonstrate significantly higher yield potential 

across CHR, MER, and SEMI, while Coonawarra Penfolds blocks (CAS, SHI) remain yield-

limited. This indicates strong region-variety interactions, highlighting the importance of 
location-specific yield prediction and management strategies. 

Beyond these general trends, several additional patterns were identified: 

1. Large yield differences across blocks: Significant variability exists even within the 
same variety and region. For instance, the SEMI blocks show substantial yield 
differences in 2015, and CHR yields vary widely in 2001. For SHI, yield disparities 
between 2001 and 2011 are particularly evident. 

2. Data coverage imbalance: Some vineyard blocks have limited historical records, 
which may influence model stability and the robustness of temporal trend analysis. 
Examples include SEMI Block 42039, CHR Block 22841, and CAS Blocks 40769, 
40770, and 40771. 

3. Regional contrasts: Substantial yield differences are observed between regions. Lake 
Cullulleraine generally exhibits higher and more stable yields, while Coonawarra 

Penfolds yields are lower and more variable, suggesting that climate and soil factors 
play a major role in determining production potential. 

These findings emphasise the heterogeneity of vineyard yield behaviour across both spatial 
(block and region) and temporal dimensions, reinforcing the necessity of modelling yield at 

multiple levels of granularity for accurate prediction and interpretation. 

 

Implications for Modelling 

The observed yield heterogeneity across varieties, blocks, and regions provides valuable guid-

ance for model design. First, the large yield differences between blocks (e.g., SEMI 2015, CHR 
2001, SHI 2001–2011) highlight the need for a model capable of learning localised spatio-

temporal dependencies rather than relying on global averages. This justifies the adoption 

of a 2-dimensional convolutional framework, which can capture both temporal patterns and 

cross-feature interactions within each growing season. 

Second, the unbalanced data coverage across blocks (e.g., SEMI Block 42039, CHR 

Block 22841, CAS Blocks 40769–40771) suggests that model regularisation and interpretabil-
ity are essential to prevent overfitting to sparsely sampled years. The incorporation of attention 

mechanisms (CBAM) enables the model to adaptively focus on the most informative feature-

time regions, compensating for uneven data density. 

Finally, the strong regional contrasts between Lake Cullulleraine and Coonawarra Pen-

folds indicate that climate-yield relationships are location-specific. This reinforces the 

necessity of integrating both intrinsic (attention-based) and post-hoc (gradient-based) expla-

nation modules, allowing the model not only to achieve accurate predictions but also to provide 
interpretable insights into region-dependent yield drivers. 

In summary, the variability patterns observed in the raw yield data directly motivate the 

use of an interpretable deep learning framework—combining CNN, CBAM, and Integrated 

Gradients—to effectively model heterogeneous spatio-temporal climate-yield relationships. 

 

33.3 Input Configuration and Experimental Design 

Two input configurations were designed to evaluate the model’s ability to capture both short-

term and long-term climate effects on grape yield:  
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• Daily input: Uses only daily meteorological observations (e.g., temperature, rainfall, 
humidity, and radiation). This configuration reflects short-term weather dynamics 
within a single growing season. 

• Daily with LTA input: Extends the daily inputs with corresponding LTA for each 

feature, allowing the model to learn deviations from climatological norms and better 
generalise under long-term variability. 

Experimental Design 

Experiments were conducted at two levels of granularity: 

1. Variety-specific experiments: Models were trained and evaluated separately for 
five grape varieties — CAS, CHR, MER, SEMI, and SHI — to examine variety-
dependent responses to climate variability. These experiments capture intra-varietal 
sensitivity and facilitate interpretability comparisons across different grape types. 
Among these varieties, the SEMI variety was selected as the representative exam-
ple for detailed visualisation and interpretability analysis, owing to its stable yield 
patterns and rich temporal coverage. 

2. Combined-variety experiments: Data from all grape varieties within each region 
(Lake Cullulleraine and Coonawarra Penfolds) were merged to form region-
level models. This design evaluates cross-varietal generalisation and regional-scale 
predictive robustness. 

34 Results and Analysis on SILO Climate Data 

This section presents results progressively from quantitative performance to qualitative inter-

pretability, and finally to region-specific generalisation. For each analysis aspect, both daily 

and daily with LTA input configurations are compared.  

 

34.1 Overall Performance across Regions and Varieties 

This subsection reports the quantitative results of yield prediction performance, measured by 

mean absolute error (MAE), across different grape varieties and regions. 

 

34.1.1 Daily Input Results 

Fig. 88 and Fig. 89 summarise the model’s mean absolute error (MAE) under the daily input 

configuration, across grape varieties and years for the Lake Cullulleraine and Coonawarra 

Penfolds regions, respectively. Overall, Coonawarra Penfolds exhibits lower MAE values and 
more stable inter-annual performance compared with Lake Cullulleraine. Notably, CAS 2020 

(Lake Cullulleraine) and CAS 2015 (Coonawarra Penfolds) appear as clear outliers, largely due 

to limited data coverage. These cases highlight the model’s sensitivity to data sparsity and 

extreme yield anomalies. 

 

34.1.2 Daily with LTA Input Results 

To further evaluate the model’s generalisation capability, we extended the input configuration 
from daily-only features to combined Daily with LTA features. Fig. 90 and Fig. 91 summarize 

the year-wise MAE across grape varieties in Lake Cullulleraine and Coonawarra Penfolds, 

respectively. However, the inclusion of LTA-based deviations does not consistently stabilise 
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Fig. 88: Mean absolute error (MAE) by grape variety for Lake Cullulleraine (2015–

2022) under daily input. 
 
 

Fig. 89: Mean absolute error (MAE) by grape variety for Coonawarra Penfolds (2015–
2024) under daily input. 

 
 

model behaviour, indicating that long-term climatological averages provide only marginal 

benefits in improving robustness under varying climatic conditions. 

 

34.2 Interpretability Analysis on Representative Variety 
(SEMI, 2022) 

To further examine model behaviour, IG and CBAM attention maps were analysed for 

representative cases. We selected SEMI in 2022 as a reference example. 
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Fig. 90: Mean absolute error (MAE) by grape variety for Lake Cullulleraine (2015–

2022) under daily with LTA input. 
 

 

Fig. 91: Mean absolute error (MAE) by grape variety for Coonawarra Penfolds (2015–
2024) under daily with LTA input. 

 
34.2.1 Daily Input Results 

Fig. 92 to Fig. 97 illustrate a progressive view of model explanations, from intrinsic attention 

to gradient-based attributions. 

 

Layer-wise and Fused Attention Analysis 

Fig. 92 shows the featural-temporal attention maps extracted from three CBAM layers. The 

first layer captures early-stage temporal fluctuations and broad feature dependencies, while 

deeper layers emphasise specific growth phases such as Budbreak and Fruit Set. Attention 

becomes increasingly localised and sharper in deeper layers, indicating stronger focus on 

critical features and time periods. 
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Fig. 92: Layer-wise CBAM attention maps (SEMI, 2022, daily input). 
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Fig. 93: Fused attention map (SEMI, 2022, daily input). 

 

 

Fig. 94: Feature-wise (left) and temporal (right) summaries of fused attention map 
(SEMI, 2022, daily input). 

 
 

After upsampling and averaging all CBAM attention layers, a fused featural-temporal 

attention map is obtained (Fig. 93). The fused map integrates multi-level saliency, revealing 
consistent high attention around the Harvest stage. To further quantify these patterns, Fig. 94 

decomposes the fused attention into separate feature-wise and time-wise statistics. Feature-

wise attention ranks humidity, vapour pressure, and temperature as the most influential 

factors, while temporal attention peaks during the late-season period. 

 

IG and Aggregated IG Analysis 

Fig. 95 to Fig. 97 show IG-based explanations for the same model. Local IG maps (Fig. 95) 
capture sample-specific feature-time attributions, whereas the aggregated IG map (Fig. 96) 

represents the global explanatory structure by averaging across all test samples. The decom-

posed view (Fig. 97) confirms that GDD, evapotranspiration, and humidity remain the most 

influential variables. Temporal attribution peaks during the Harvest and late-season period, 

closely matching the attention-derived saliency pattern. 
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Fig. 95: Instance-level Integrated Gradients (IG) attributions. Each map corresponds 
to one test sample (SEMI, 2022, daily input). 

 
Fused Attention vs. Aggregated IG Comparison 

The fused CBAM attention and Aggregated IG maps provide complementary interpretability 

perspectives: 

• CBAM Attention: an intrinsic, end-to-end focus showing where the model looks 
within the feature-time space. 

• Aggregated IG: a post-hoc, gradient-based attribution showing what truly drives 

model predictions. 

To better understand the consistency between the two explanation methods, we com-pared 
the top 15 features ranked by fused attention (Fig. 94) and aggregated IG (Fig. 97). The 

summary focuses on climate-related variables that exhibit a strong influence on yield 

prediction, while the non-climatic categorical feature Block encoded was excluded from the 

comparison. The final summary of feature importance overlap is presented in Table 36. 

Their strong spatial-temporal consistency, particularly during the Harvest stage and 

late-season period, demonstrates that the model’s  learned attention closely aligns with the 
attributions of predictions to input features. Minor discrepancies, such as the broader IG 

sensitivity to silo gdd, silo rain, and silo relative humidity max temp, indicate that IG 
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Fig. 96: Aggregated IG attributions averaged across all test samples, representing 
global explanatory patterns (SEMI, 2022, daily input). 

 

 

Fig. 97: Feature-wise (left) and temporal (right) decompositions of Aggregated IG 
attributions (SEMI, 2022, daily input). 

 
 

captures additional climatic cues not strongly emphasised by CBAM. Therefore, integrat-

ing both perspectives provides complementary insights, enhancing the overall interpretability 

and trustworthiness of the model. 

 

Discussion 

The strong overlap between Aggregated IG and CBAM Attention confirms that both intrin-

sic and post-hoc explanations capture consistent yield-driving mechanisms. Yet, their distinct 

focuses highlight complementary interpretive strengths. CBAM reflects short-term physio-

logical sensitivity, while IG reveals longer-term, accumulative stress patterns. Together, they 

offer a more comprehensive understanding of how climatic dynamics shape the variability of 
grape yield. 

 

34.2.2 Daily with LTA Input Results 

Layer-wise and Fused Attention Analysis 

Fig. 98 to Fig. 100 present the featural-temporal attention results of the CBAM-based model 

trained with combined Daily with LTA inputs. Compared with the daily-only model, attention 
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Fig. 98: Layer-wise CBAM attention maps (SEMI, 2022, daily with LTA input). 
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Table 36: Comparison of top-ranked climate features in aggregated IG attributions 
and fused attention (SEMI, 2022, daily input). “Aggregated IG Only” denotes 
features captured exclusively by the aggregated IG method; “Common Features” 
represent those shared by both explanation methods; and “Fused Attention only” 
refers to features highlighted solely by fused attention. 

 

Aggregated IG Only Common Features Fused Attenti on Only 

silo gdd silo vapour pressure silo evap otran spiration mortons actual 

silo rain silo gdd non cum silo span 

silo relative humidity max temp silo temperature min silo relative humidity min temp 

 silo evapotranspiration sp  

 silo evap otranspiration mortons wet  

 silo temperature max  

 silo evap otranspiration mortons lake  

 silo evaporation  

silo evap otranspiration mortons potential 

silo evapotran spiration fao65 

silo pressure 

 

Fig. 99: Fused attention map (SEMI, 2022, daily with LTA input). 
 

 
patterns become more structured and emphasise not only short-term climatic fluctuations but 

also long-term deviation effects. 

Fig. 98 shows the layers-wise CBAM attention maps. The fused attention map (Fig. 99) 

integrates these multi-level representations and exhibits stronger concentration on rain-, 

pressure-, and evapotranspiration-related features. 
Feature and time-wise attention summaries are shown in Fig. 100. Feature-wise impor-

tance highlights silo temperature min, silo evapotranspiration fa065, and silo gdd as the 

most influential variables, whereas temporal attention peaks during Harvest growth stage. 

 

IG and Aggregated IG Analysis 

Fig. 101 to Fig. 103 display the IG-based explanations for the same model. Local IG attri-

butions (Fig. 101) reveal that both daily and LTA deviation features contribute interactively 

during key phenological stages. When averaged across all test blocks, the aggregated IG map 

(Fig. 102) shows well-defined high-importance features corresponding to growth stages.  
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Fig. 100: Feature-wise (left) and temporal (right) summaries of fused attention map 
(SEMI, 2022, daily with LTA input). 

 
 

The feature-wise and temporal decomposition of aggregated IG (Fig. 103) highlights the 

dominant explanatory role of vapour pressure deviation, rainfall deviation, and evaporation 

deviation, demonstrating that the model captures yield variation as a function of both short-

term weather and persistent climate anomalies. 

 

Fused Attention vs. Aggregated IG Comparison 

Both interpretability methods reveal strong mid-to-late season alignment, with overlapping 

emphasis on evapotranspiration- and temperature-related deviation variables. Both meth-ods 
exhibit a consistent temporal focus around the Fruit Set and Harvest stages, suggesting that 

the internal attention mechanisms and the external gradient-based attributions con-verge on 

key phenological periods. Minor discrepancies—such as IG’s broader sensitivity to deviations—

indicate that IG tends to capture cumulative climatic effects, whereas attention emphasises 

transient but highly salient events. 
To further assess the consistency between the two explanation methods, we compared the 

top 15 features ranked by fused attention (Fig. 100) and aggregated IG (Fig. 103). The 
comparison focuses on climate-related variables that strongly influence yield prediction, while 

the non-climatic categorical feature was excluded from the analysis. A consolidated summary 

of overlapping and distinct feature importance patterns is presented in Table 37. Specifically, 

although the top 15 features are not completely identical, most of the variables highlighted by 

aggregated IG correspond to the long-term deviation counterparts of the features emphasised 
by fused attention. This observation suggests that IG explanations tend to focus on anomalous 

climatic deviations, whereas attention emphasises the direct, instantaneous effects of the same 

underlying variables. 

 

34.3 Regional Interpretability Analysis: Lake Cullulleraine 

34.3.1 Daily Input Results 

For the Lake Cullulleraine region, variety-specific predictions were aggregated to perform a 

region-level interpretability analysis. Since the test set contains multiple vineyard blocks and 

grape varieties, we focus on the fused CBAM attention and aggregated IG results to capture the 

dominant explanatory patterns across all samples. The goal is to identify common feature-time 
dependencies that drive regional yield variability under the daily-input configuration. 
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Fig. 101: Instance-level Integrated Gradients (IG) attributions. Each map corre-
sponds to one test sample (SEMI, 2022, daily with LTA input). 

 
Fused Attention (Intrinsic Explanation) 

Fig. 104 shows the fused featural-temporal attention map derived from all CBAM layers. High 

attention weights are concentrated during the Dormant and Harvest periods, indicating that 

the model places greater focus on early and late season climate conditions that are critical for 

grape maturation. The feature-wise and temporal decompositions in Fig. 105 reveal that 

humidity, vapour pressure, and temperature extremes receive consistently high attention 

scores, reflecting the physiological importance of thermal and moisture balance in grape yield 
formation. Temporal attention also exhibits two distinct peaks around Dormant and late-

season, suggesting sensitivity to both early vegetative growth and final stages. 

 

Aggregated IG (Post-hoc Explanation) 

The aggregated IG heatmap (Fig. 106) visualises the global attributions of each feature-day 

pair averaged across all test samples. Similar to attention, the IG-based importance distribu-

tion highlights temperature extreme, vapour pressure, and humidity as dominant explanatory 

variables, particularly during late-season stages. The feature-wise and temporal decomposi-
tion of aggregated IG in Fig. 107 confirms that the highest attributions occur during Harvest, 
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Fig. 102: Aggregated IG attributions averaged across all test samples, representing 
global explanatory patterns (SEMI, 2022, daily with LTA input). 

 

 

Fig. 103: Feature-wise (left) and temporal (right) decompositions of Aggregated IG 
attributions (SEMI, 2022, daily with LTA input). 

 
 

corresponding to key developmental phases where climate variability has the largest impact 

on final yield. 

 

Cross-comparison and Insights 

We summarise the top 15 features ranked by fused attention (Fig. 105) and aggregated 

IG (Fig. 107). The comparison focuses on climate-related variables that strongly influence yield 

prediction, while the non-climatic categorical feature was excluded from the analysis. A 

consolidated summary of overlapping and distinct feature importance patterns is presented in 

Table 38, illustrating the degree of consistency between intrinsic (attention-based) and post-
hoc (gradient-based) explanations. 

Overall, both fused CBAM attention and aggregated IG exhibit consistent saliency pat-

terns, particularly along the feature dimension, indicating strong agreement between intrinsic 

and post-hoc explanations and reinforcing the reliability of the model’s interpretability. This 

alignment between intrinsic and post-hoc explanations strengthens confidence in the model’s 

learned mechanisms and demonstrates that Lake Cullulleraine’s yield dynamics are primarily 
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Table 37: Comparison of top-ranked climate features in aggregated IG attributions 
and fused attention (SEMI, 2022, daily with LTA input). “Aggregated IG Only” 
denotes features captured exclusively by the aggregated IG method; “Common Fea-
tures” represent those shared by both explanation methods; and “Fused Attention 
only” refers to features highlighted solely by fused attention. 

 
Aggregated IG Only  Common Fea-

tures 

 
Fused Attenti on Only 

 
 

silo temperature min lta deviation  silo temperature min 

silo gdd non cum lta deviation silo gdd non cum 

silo radiation  lta deviation  silo radiation  

silo evapotran spiration mortons wet lta deviation  silo evapotranspiration  mortons wet 

silo evapotran spiration mortons lake lta deviation  silo evapotranspiration  mortons lake 

silo span lta deviation  silo span 

silo evapotranspiration fao65 lta deviation  silo evap otranspiration fao65 

silo evap oration  lta deviation  silo evap oration  

silo evapotranspiration  sp lta deviation silo evap otranspiration sp 

silo relative humidity max temp l ta deviation silo relative hu midity max temp 

silo rain l ta deviation  silo relative hu midity min temp 

silo vapour pressure lta deviation  silo temperature max 

silo vapour pressure silo gdd 

silo evapotran spiration mortons actual lta deviation  silo evap otran spiration mortons p otential 

silo rain  

 

Fig. 104: Fused attention map (Lake Cullulleraine, 2022, daily input). 
 

 
driven by humidity-temperature interactions and evapotranspiration processes during critical 
phenological stages. 

 

34.3.2 Daily with LTA Input Results 

Fused Attention (Intrinsic Explanation) 

Fig. 108 presents the fused featural-temporal attention map, while Fig. 109 provides its 

feature-wise and temporal summaries. According to the ranked top 15 features in Fig. 109, the 

fused attention mainly emphasises evapotranspiration-, humidity-, and radiation-related 

variables, indicating that these processes dominate the model’s intrinsic focus under the Daily 
with LTA input setting. 
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Fig. 105: Feature-wise (left) and temporal (right) summaries of fused attention map 
( Lake Cullulleraine, 2022, daily input). 

 

 

Fig. 106: Aggregated IG attributions averaged across all test samples, representing 
global explanatory patterns (Lake Cullulleraine, 2022, daily input). 

 
Aggregated IG (Post-hoc Explanation) 

Fig. 110 to Fig. 111 show the aggregated IG heatmap and its feature/time decompositions. The 

IG results reveal concentrated importance near the Harvest stage, with strong contribu-tions 

from humidity, evapotranspiration, and radiation-related LTA deviations. This pattern 

suggests that the model captures long-term climatic anomalies that significantly affect final 
yield outcomes. 

 

Cross-comparison and Insights 

We summarise the top 15 features ranked by fused attention (Fig. 109) and aggregated IG (Fig. 

111). The comparison focuses on climate-related variables that strongly influence yield 

prediction, while the non-climatic categorical feature was excluded from the analysis. A con-

solidated summary of overlapping and distinct feature importance patterns is presented in 
Table 39. Specifically, fused attention and aggregated IG consistently highlight evapotran-

spiration, humidity, and radiation as key drivers, while showing complementary emphases: 

attention reflects stable season-long dependencies, whereas IG captures long-term deviation 

features. This complementarity suggests that incorporating LTA inputs helps disentangle 
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Fig. 107: Feature-wise (left) and temporal (right) decompositions of Aggregated IG 
attributions (Lake Cullulleraine, 2022, daily input). 

 

 
Table 38: Comparison of top-ranked climate features in aggregated IG attributions 

and fused attention (Lake Cullulleraine, 2022, daily input). “Aggregated IG Only” 
denotes features captured exclusively by the aggregated IG method; “Common Fea-
tures” represent those shared by both explanation methods; and “Fused Attention 
only” refers to features highlighted solely by fused attention. 

 

Aggregated IG Only Common Features Fused Attenti on Only 
 

silo evap otran spiration mortons potential silo pressure silo span 

silo rain 

silo gdd 

silo vapour pressure 

silo relative humidity min temp 

silo relative humidity max temp 

silo temperature min  

silo temperature max 

silo evap otran spiration mortons actual 

silo radiation  

silo evapotranspiration mortons wet 

silo evapotranspiration  mortons lake 

silo evapotran spiration fao65 

 
baseline climatology from intra-season variability, thereby improving interpretability and 

robustness. 

 

34.4  Regional Interpretability Analysis: Coonawarra Penfolds 

34.4.1 Daily Input Results 

Fig. 112 to Fig. 115 present the interpretability analysis results for Coonawarra Pen-folds 
(2022) under the daily input configuration, including the fused CBAM attention and 

aggregated IG visualizations. 

 

Fused Attention (Intrinsic Explanation) 

The fused CBAM attention map (Fig. 112) reveals distinct featural-temporal focus pat-

terns compared with Lake Cullulleraine. Attention is distributed more diffusely across time, 
indicating that the model experiences greater uncertainty in identifying dominant growth 

phases. Feature-wise attention ranking (Fig. 113) highlights evapotranspiration, chill days, 
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Fig. 108: Fused attention map (Lake Cullulleraine, 2022, daily with LTA input). 
 

 

Fig. 109: Feature-wise (left) and temporal (right) summaries of fused attention map 
(Lake Cullulleraine, 2022, daily with LTA input). 

 
 

and humidity-related variables as dominant contributors, reflecting the high climate variabil-

ity characteristic of Coonawarra Penfolds. The temporal profile shows moderate attention 

across most of the growing season, without clear single-peak concentration. 

 

Aggregated IG (Post-hoc Explanation) 

The aggregated IG heatmap (Fig. 114 to Fig. 115) provides a complementary gradient-based 

perspective. The global IG distribution (Fig. 114) shows that most positive attributions con-

centrate around the Harvest period, aligning with key physiological development stages. The 

corresponding feature- and time-wise decompositions (Fig. 115) further reveal that humidity, 
vapour pressure, and temperature extremes contribute most strongly to yield variation. 

 

Cross-Comparison and Insights 

We summarise the top 15 features ranked by fused attention (Fig. 113) and aggregated 

IG (Fig. 115). The comparison focuses on climate-related variables that strongly influence 
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Fig. 110: Aggregated IG attributions averaged across all test samples, representing 
global explanatory patterns (Lake Cullulleraine, 2022, daily with LTA input). 

 

 

Fig. 111: Feature-wise (left) and temporal (right) decompositions of Aggregated IG 
attributions (Lake Cullulleraine, 2022, daily with LTA input). 

 
 

yield prediction, while the non-climatic categorical feature was excluded from the analysis. A 

consolidated summary of overlapping and distinct feature importance patterns is presented in 
Table 40. 

Both fused CBAM attention and aggregated IG reveal consistent climate-yield rela-

tionships, yet subtle regional differences emerge when compared with Lake Cullulleraine. 

Coonawarra’s attention maps exhibit broader, less sharply localised temporal peaks, reflecting 

higher inter-annual climate variability and more complex soil-moisture interactions. Aggre-

gated IG attributions align well with major phenological stages but extend further into the 
Harvest period, highlighting prolonged environmental influences. 

Overall, both interpretability perspectives consistently emphasise the key roles of humid-

ity, vapour pressure, and temperature-related variables. This convergence between intrinsic 

attention and post-hoc IG attribution strengthens confidence in the model’s robustness and 

interpretability across diverse viticultural environments. 
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Table 39: Comparison of top-ranked climate features in aggregated IG attributions 
and fused attention (Lake Cullulleraine, 2022, daily with LTA input). “Aggregated IG 
Only” denotes features captured exclusively by the aggregated IG method; “Common 
Features” represent those shared by both explanation methods; and “Fused Attention 
only” refers to features highlighted solely by fused attention. 

 

Aggregated IG Only Common Features Fused Attenti on Only 
 

silo evapotran spiration 
morton s lake l ta deviation  

 
silo evap otranspiration mortons 
actual l ta deviation  

 
silo evap otranspiration mortons lake 

silo evap otran spiration 
mortons wet lta d eviation  

silo relative humidity min temp lta deviation silo evapotranspiration mortons wet 

silo radiation  lta deviation  silo relative humidity max temp l ta d eviation silo radiation  

silo gdd n on cu m l ta deviation  silo vap our pressure lta d eviation  silo gdd n on cu m 

silo sp an lta d eviation  silo rain lta d eviation  silo sp an 

silo temperature min lta deviation  silo temperature min 

silo evapotranspiration fao65 lta deviation  silo evapotranspiration  fao65 

silo evapotranspiration  sp lta deviation silo evapotranspiration sp 

silo evap oration  lta deviation  silo evap oration  

silo rain silo evap otranspiration mortons potential 

 

Fig. 112: Fused attention map (Coonawarra Penfolds, 2022, daily input). 

 

34.4.2 Daily with LTA Input Results 

Fused Attention (Intrinsic Explanation) 

Fig. 116 shows the fused CBAM featural-temporal attention map for Coonawarra Pen-

folds (2022) under the daily with LTA input configuration. Compared with the daily-only 

model, this configuration yields stronger focus on long-term climate deviations, particu-

larly in evapotranspiration- and humidity-related variables. The decomposed feature- and 

time-wise attention statistics (Fig. 117) confirm that silo vapour pressure, evapotranspiration 
indices, and humidity metrics dominate the importance ranking. Temporally, multiple peaks 

emerge from the Dormant stage through late Harvest, reflecting temperature and humidity 

fluctuations that critically influence grape development. 
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Fig. 113: Feature-wise (left) and temporal (right) summaries of fused attention map 
(Coonawarra Penfolds, 2022, daily input). 

 

 

Fig. 114: Aggregated IG attributions averaged across all test samples, representing 
global explanatory patterns (Coonawarra Penfolds, 2022, daily input). 

 
Aggregated IG (Post-hoc Explanation) 

Fig. 118 visualises the aggregated IG attributions averaged across all vineyard blocks. Promi-

nent attribution zones appear around Harvest, with strong activations for pressure-, vapour 

pressure-, and humidity-related variables. The decomposed feature/time profiles in Fig. 119 

show that pressure-based features (silo pressure, silo vapour pressure) and temperature-
related deviations (silo temperature min, silo temperature min lta deviation) exert persistent 

influence. Temporal IG peaks are observed during late Fruit Set and early Harvest, 

corresponding to stress-induced reductions in fruit set efficiency. 

 

Cross-comparison and Insights 

To further evaluate the consistency between the two explanation methods, we compared the 

top 15 features ranked by fused attention (Fig. 117) and aggregated IG (Fig. 119). The 

comparison focuses on climate-related variables that strongly influence yield prediction, while 
the non-climatic categorical feature was excluded. A consolidated summary of overlapping and 

distinct feature importance patterns is presented in Table 41. 
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Fig. 115: Feature-wise (left) and temporal (right) decompositions of Aggregated IG 
attributions (Coonawarra Penfolds, 2022, daily input). 

 
 

 
Table 40: Comparison of top-ranked climate features in aggregated IG attributions 
and fused attention (Coonawarra Penfolds, 2022, daily input). “Aggregated IG Only” 
denotes features captured exclusively by the aggregated IG method; “Common Fea-
tures” represent those shared by both explanation methods; and “Fused Attention 
only” refers to features highlighted solely by fused attention. 

Aggregated IG Only Common Features Fused Attenti on Only 
 

silo pressure 

silo relative humidity min temp 

silo relative humidity max temp 

silo gdd 

silo vapour pressure 

silo evapotranspiration mortons wet 

silo temperature min  

silo chill days 

silo evapotranspiration  mortons lake 

silo evaporation  

silo radiation  

silo temperature max 

silo evapotran spiration sp 

silo rain  

 
The strong overlap between the top features extracted by both methods (Table 41) 

demonstrates stable explanatory consistency. Notably, most of the features uniquely identified 

by either method are associated with evapotranspiration-related processes, reinforcing 

their fundamental role in regulating water balance and yield formation. 

 

34.5 Summary of Findings 

Based on the comparative analysis of CBAM fused attention and aggregated IG across differ-

ent regions (Lake Cullulleraine, and Coonawarra Penfolds) and input configurations (Daily and 

Daily with LTA), the following key findings are summarised. 

 

Regional consistency under Daily input 

In Coonawarra Penfolds (Daily input), all top 15 features identified by CBAM and IG overlap, 

although their ranking orders differ. Similarly, in Lake Cullulleraine (Daily input), all but one 
feature overlap between the two explanation methods, again with different importance 
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Fig. 116: Fused attention map (Coonawarra Penfolds, 2022, daily with LTA input). 

 

 

Fig. 117: Feature-wise (left) and temporal (right) summaries of fused attention map 
(Coonawarra Penfolds, 2022, daily with LTA input). 

 
 

rankings. This indicates strong inter-method consistency in identifying key climatic drivers 

under the Daily configuration. 

 

Feature alignment under LTA input 

In SEMI (2022, Daily with LTA input), there are no identical features between CBAM and IG 

in literal form, yet the IG-selected features correspond almost exactly to the LTA-deviation 

versions of CBAM’s top 15 features. This demonstrates that when long-term deviations are 

introduced, both methods remain semantically aligned, capturing equivalent climatic effects 

expressed through anomaly-based variables. 

 

Higher overlap in Daily-only settings 

Across all regions, the Daily-only configuration consistently yields greater overlap between 
CBAM and IG compared with the Daily with LTA configuration. This suggests that while 

incorporating LTA deviations enhances anomaly sensitivity, it also diversifies the 

representation space, leading to fewer exact feature overlaps. 
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Fig. 118: Aggregated IG attributions averaged across all test samples, representing 

global explanatory patterns (Coonawarra Penfolds, 2022, daily with LTA input). 
 

 

Fig. 119: Feature-wise (left) and temporal (right) decompositions of Aggregated IG 
attributions (Coonawarra Penfolds, 2022, daily with LTA input). 

 
Cross-regional common features 

Considering all regions and configurations together, CBAM fused attention and aggregated IG 
share a stable set of common top-ranked climatic features, as summarised in the Table 42. 

These results show that CBAM attention (intrinsic) and IG (post-hoc) converge on a consis-

tent and climatologically meaningful set of explanatory variables. Humidity, vapour pressure, 

temperature extremes, and evapotranspiration together represent the most reliable and 

physically interpretable drivers of grape yield variability across all experimental conditions. 

 

35 Part VII Conclusion 

This chapter examined long-term climate behaviours and their implications for grape yield 

using SILO records from 2000–2024. Through sequence analysis, volatility diagnostics, and 

interpretable deep learning models, the results reveal three consistent patterns: i) a gradual 

warming trend with increasing rainfall variability after 2010, ii) limited but region-specific 

yield responses to long-term climate shifts, and iii) stable explanatory drivers, humidity, 
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Table 41: Comparison of top-ranked climate features in aggregated IG attributions 
and fused attention (Coonawarra Penfolds, 2022, daily with LTA input). “Aggre-gated 
IG Only” denotes features captured exclusively by the aggregated IG method; 
“Common Features” represent those shared by both explanation methods; and “Fused 
Attention only” refers to features highlighted solely by fused attention. 

 

Aggregated IG Only Common Features Fused Attenti on Only 
 

silo gdd non cum silo vapou r p ressure  silo gdd 

silo evapotranspiration fao65 lta deviation silo vapour pressure lta deviation silo evapotranspiration fao65 

sil o te mp e ra tu re min silo temperature min  lta deviation silo relative humidity max  te mp lta deviation 

silo pressure lta deviation silo pressure silo span 

silo evapotranspiration mortons lake lta deviation silo relative humidity min temp  sil o evap otran sp ira ti on morton s la ke 

silo evapotranspiration mortons wet lta deviation  silo chill days 

silo evapotranspiration mortons actual lta deviation sil o e vap otra n spi ra ti on  morton s p oten tial  

silo rain silo rain  lta d eviation  

silo radiation lta  deviation silo evapotranspiration sp 
 

 
Table 42: Common top-ranked climate features shared by CBAM fused attention and 

aggregated IG across regions and input types. 
 

Feature Category Common Features Interpretati on / Physi cal Meaning 

 
Humidity and Pressure silo relative humidity min temp, 

silo relative humidity ma x te mp,  
silo vapour pressure, silo pressure 

Temperature Extremes sil o te mp e ra tu re min,  
sil o te mp era tu re max  

 
Highlight vapour-pressure balance and moisture  
regulation mechanisms that control grape water sta-
tus. 

Represen t key thermal stress indicators during 
growth and ripening phases.  

Evapotranspiration 
Processes 

silo evapotranspiration mortons actual , 
silo evapotranspiration mortons wet,  
silo evapotranspiration mortons lake,  
silo evapotranspiration fao65 , 
silo evapotranspiration sp 

Demon strate that water and energy exchange pro-
cesses d ominate yield variability across all regions. 

Heat Accumulation and 
Rainfall 

silo gdd, silo gdd non cu m, silo rain Cap tu re  the  joint influ ence  of acc u mu lated  temp er-  
atu re and precipitation on grap evin e productivity. 

 
 

 
vapour pressure, temperature extremes, and evapotranspiration, across all regions and input 

settings. By integrating CBAM attention with IG, the study demonstrates that intrinsic 

and post-hoc explanations converge on physically meaningful yield determinants, enhancing 

interpretability and trustworthiness. Overall, the findings indicate that moisture and energy 

balance are the primary processes governing yield variability,  and that explainable deep 
learning provides a reliable tool for interpreting long-term agricultural climate interactions. 
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Part VIII 

Conclusion 
The objective of this project is to identify a robust and repeatable framework by which 

agricultural AI models can be used to understand the implications of climate change and 

related risks on agricultural crop outcomes. With the support of The Yield Technology Solu-

tions (now Yamaha Agriculture) and Food Agility CRC (FACRC), the DSI research team 

investigated this explainability problem from three perspectives: i) to understand the needed 

AI explainability in agriculture, ii) to handle climate features and short-term extreme events 

in an explainable AI framework, and iii) to cater for long-term climate behaviours (e.g., arisen 
from climate change) in our proposed framework. Specifically, the explainability of our 

framework targets the impacts of extreme weather events and climate change on crop 

outcomes. 

Climate variability and extreme events pose significant challenges to agricultural pro-

ductivity. Predictive models capable of estimating crop yield under such uncertainty are 

vital for informed decision-making and risk mitigation. However, many traditional post-hoc 

Explainable AI methods, such as SHAP and LIME, implicitly assume feature independence 
when attributing importance. In climate datasets, this assumption is often violated because 

numerous variables (e.g., temperature, humidity, radiation, and evapotranspiration) exhibit 

strong spatial and temporal correlations. As a result, these methods tend to distribute impor-

tance diffusely or inconsistently across correlated features, leading to unstable or misleading 

explanations that obscure true climate drivers. 

We addressed this challenge by applying Convolutional Neural Network (CNN) with 

Temporal Attention to predict crop yields and interpret the underlying temporal patterns. CNN 
is capable of exploiting local spatial or temporal dependencies through convolutional filters, 

which capture joint patterns among features and across time. In our journey of frame-work 

development, both 1-dimensional CNN (1D-CNN) and 2-dimensional CNN (2D-CNN) 

architectures were investigated. We began with 1D-CNN enhanced by a temporal attention 

mechanism to extract short-term dynamics and identify key growth phases that influence crop 

yield. Though, 1D-CNN cannot capture cross-feature relationships which are crucial for 
understanding interactions among climate features. We extended our modelling frame-work 

to 2D-CNN with Convolutional Block Attention Module (CBAM). Unlike traditional XAI 

methods, the extended framework can exploit both spatial and temporal relation-ships 

among correlated features through convolutional filters, which extract local feature patterns 

and build hierarchical representations. By structuring climate features into a 2-dimensional 
feature-time space, our proposed 2D-CNN framework jointly learns intra-feature and inter-

feature dependencies, producing more coherent, physically meaningful, and robust 

explanations. 

Next, we turned the focus to extend our frameworks to better cater for long-term climate 
behaviours. We first analysed sequences (time series) for outcomes and key climate features 

using classical decomposition in statsmodels, Prophet model, and seasonal Autoregressive 
Integrated Moving Average (ARIMA) model. Classical decomposition offers a clear split into 

trend, seasonality, and residual for interpretation, but it is only descriptive and not intended 

for forecasting. Prophet model supplies flexible seasonality with change-points, yet in our set-

ting the extracted trend is often too simple to capture dynamic structure. Seasonal ARIMA 
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provides a statistically grounded baseline that models autocorrelation and seasonal depen-

dence well, but estimation becomes slow as sequences lengthened and it is better suited to 

short- to medium-horizon use. We then studied weather volatility as a risk signal because 
it matters for planning, resilience, and yield stability. Our work involved combining rolling 

statistics to track local variance, entropy measures to summarise unpredictability, and using 

Generalised AutoRegressive Conditional Heteroskedasticity (GARCH) models to capture time-

varying variance. We also put our attention to the contrasts between El N iñ o – Southern 

Oscillation (ENSO) phases – comparing El N iñ o  and La N iñ a  years aiming to capture their 

magnified effects. 
Moreover, building on our proposed framework which focused on the daily climate-yield 

modelling using 2D-CNN with CBAM, we investigated how to extend our framework for long-

term climate analysis. While CBAM provides intrinsic, attention-based visualisation of 

important feature-time regions, it does not explicitly quantify the contribution of input to 

the final prediction. This limitation becomes more critical when modelling multi-year, non-

stationary climate data, where subtle feature interactions and long-term trends must be 

disentangled from attention biases. Therefore, Integrated Gradients (IG) is incorporated into 
the framework as a post-hoc, gradient-based attribution method that complements the atten-

tion mechanism. By integrating CBAM attention with IG, we demonstrated that intrinsic 

and post-hoc explanations converge on physically meaningful yield determinants, enhancing 

interpretability and trustworthiness. 

In our experiments, we used apples, grapes, and kiwifruit yield data and their relevant 

climate data from the United States, Australia, and New Zealand to investigate and establish 

our proposed framework. As this project is not only research focused but to cater for the 
business needs of our industry collaborator, the use of particular datasets varies during the 

project. For example, we put more emphasis on the New Zealand’s kiwifruit data to assist  our 

partner to establish their business propositions to their client for a commercial opportunity.  

Later on, we spent more time on the United States’ apples and Australian grape datasets 

to ensure that our proposed frameworks are general enough for real-world applications. This 

final report summarises our investigations and research findings of this project. 
Lastly, we would like to express our sincere thanks to Dr Evan Webster (project leader) and 

Mr Ashley Rootsey (project manager). Although both were departed early from this project due 

to their resignations from their employers, their support to the research team are much 

appreciated. We wish them all the best for their future endeavours.  
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Part IX 

Appendix 

36 Manuscripts on Specific Topics 

We have prepared two manuscripts on specific topics in this project, they are: 

1. “The Complexity of Extreme Climate Events on NZ Kiwifruit Industry”, and 
2. “Multi-Hazard Early Warning Systems for Agriculture with Featural-Temporal 

Explanations”. 

Their pre-prints are archived to arxiv.org and the current version of the papers are also 
attached below for completeness. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

169 

https://www.arxiv.org/abs/2508.02130
https://arxiv.org/abs/2507.22962
https://arxiv.org/abs/2507.22962


 

 

36.1 The Complexity of Extreme Climate Events on NZ 
Kiwifruit Industry 

 
 
 
 

 
1 

 

The Complexity of Extreme Climate Events on 

the New Zealand’s Kiwifruit Industry 

Boyuan Zheng∗, Victor W. Chu∗, Zhidong Li∗, Fang Chen∗ 
Evan Webster†, Ashley Rootsey†‡ 

∗Data Science Institute, University of Technology Sydney 
†Yamaha Agriculture & ‡Food Agility CRC 

 

Abstract—Climate change has intensified the frequency and 

severity of extreme weather events, presenting unprecedented 

challenges to the agricultural industry worldwide. In this in-
vestigation, we focus on kiwifruit farming in New Zealand. 

We propose to examine the impacts of climate-induced extreme 

events, specifically frost, drought, extreme rainfall, and heatwave, 
on kiwifruit harvest yields. These four events were selected 

due to their significant impacts on crop productivity and their 
prevalence as recorded by climate monitoring institutions in 

the country. We employed Isolation Forest, an unsupervised 

anomaly detection method, to analyse climate history and 
recorded extreme events, alongside with kiwifruit yields. Our 

analysis reveals considerable variability in how different types 

of extreme event affect kiwifruit yields underscoring notable 
discrepancies between climatic extremes and individual farm’s 

yield outcomes. Additionally, our study highlights critical lim-

itations of current anomaly detection approaches, particularly 
in accurately identifying events such as frost. These findings 

emphasise the need for integrating supplementary features like 

farm management strategies with climate adaptation practices. Our 
further investigation will employ ensemble methods that 

consolidate nearby farms’ yield data and regional climate station 

features to reduce variance, thereby enhancing the accuracy and 
reliability of extreme event detection and the formulation of 

response strategies. 

Index Terms—Kiwifruit, Extreme Climate Events, Anomaly 

Detection, Complex Relationships 

 

I. INTRODUCTION 

Climate change is  triggering notable shifts in global weather 

patterns resulting in an increased frequency and intens ity 

of adverse climate events. Rising global temperatures have 

altered atmospheric conditions intens ifying the occurrences  

of heatwave, drought, and heavy precipitation events. Recent  

studies, such as [1] and [2], highlighted that even mod-

est global temperature rises can substantially amplify these  

extreme events. Specifically, differences between warming  

scenarios of 1.5°C and 2.0°C above pre-indus trial levels , as  

projected by the IPCC [3], have shown significant variability  

in projected consequences. Historical climate records provide 

further evidence to the occurrence of these relations docu-

menting a clear increase in temperature extremes and heavy  

rainfall episodes [4]. As such climatic shifts intensify, having a 

comprehensive understanding of these extreme events is  

imperative for the development of effective mitigation and  

adaptation strategies.  

The kiwifruit industry has  already been experiencing sig-

nificant disruptions due to these extreme events.  Ris ing tem- 

peratures, altered rainfall patterns, and increased frequency of  

extreme weather events have posed subs tantial challenges to  

the farmers. Warmer autumn and winter conditions are reduc-

ing winter chilling hours — something crucial for kiwifruit 

budbreak and flower production which directly impacts both  

quantity and quality of yield — has prompted the migration 

of cultivation practices toward higher latitudes. Furthermore,  

events  such as  hailstorms,  severe winds,  and intense rainfall are 

becoming increasingly common resulting in notable financial  

losses  as  documented by [5]. Prolonged drought conditions and 

elevated evapotranspiration further heighten concerns around 

water availability prompting the need for improved irrigation 

practices and climate-resilient orchard management.  As  

climate extremes grow more severe, proactive adaptation  

strategies will be essential for maintaining long -term viability 

and res ilience within kiwifruit production.  

A critical step towards assessing the impact of extreme 

events  on kiwifruit yields  involves  accurately identifying and  

quantifying their occurrences, where national weather services  

leverage standardised indices such as SPI or percentage thresh-

olds to detect such events. While such detection methods may  

not directly affect farmers’ short-term day-to-day decisions,  

they are critical for analysis on modelling long-term yield risks  

and developing adaptation strategies . In this context, anomaly 

detection techniques play a key role though each of them offers  

distinct benefits but also limitations. Functional outlier 

detection methods, discussed in [6], utilise graphical tools such 

as rainbow plots to visualise anomalies yet often  falter in high-

dimens ional scenarios and rely heavily on expert interpretation. 

Alternatively, multivariate anomaly detection approaches, 

which cons ider interactions among environmen-tal variables, 

typically enhance accuracy though necessitate extensive pre-

processing to handle seasonal and correlated effects [7].  

Density-based clustering techniques like DBSCAN can 

effectively detect grouped anomalies  but exhibit high  

sensitivity to parameter selection and may under-perform with 

irregular temporal patterns [8]. Compared to these meth-

ods, Isolation Fores t (IF) provides a computationally efficient  

and scalable alternative, adept at handling large and high-

dimens ional datasets due to its recurs ive partitioning approach 

[9]. 

In this study, we examine the complex relationship be-tween 

extreme climate events and kiwifruit yield variability in New 

Zealand, recognis ing the limitations of climate data alone in 

explaining observed yield outcomes. Our findings  
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sugges t that although climate anomalies s ignificantly influence 

agricultural productivity, their effects are often modulated by  

farm-level management practices. This underscores the need  

for a nuanced interpretation of climate-yield relationships.  

Additionally, we investigate how different extreme events,  

such as drought, extreme rainfall, heatwave, and frost, vary 

in their impacts on yields  revealing that these effects  are neither 

uniform nor predictable across all conditions. These four 

events were selected due to their significant impacts on crop 

productivity and their prevalence as recorded by climate 

monitoring institutions in New Zealand. Finally, we explore  

alignments  and discrepancies between climate anomalies and  

yield data, identifying ins tances where severe climate condi-

tions do not consis tently correspond to reduced yields, and vice 

versa. These findings highlight the complexities inherent in 

extreme event’s impact assessments and emphas ise the  

importance of integrating climate data with local management  

and environmental factors for a robus t understanding of yield  

variability.  

The remainder of this  paper is structured as follows. Section 

II reviews relevant s tudies  on anomaly and outlier detection 

methodologies  with specific attention to agricultural and 

climate-related applications. Section III describes  the dataset 

used, including data sources, granularity, temporal scope, and 

detailed definitions of extreme events according to  New 

Zealand’s national weather service, the National Institute of 

Water and Atmospheric Research (NIWA). The methodol-ogy 

of how we employ Isolation Forest and pre-process ing 

techniques in this inves tigation is presented in Section IV.  

Results highlighting the alignment of detected extreme events  

with observed yield variations across farms are discussed in  

Section V. Section VI provides an in-depth discussion on the 

implications of our findings, limitations of current approaches,  

variability in the impact of extreme events, and proposed  

strategies for improvement. F inally, Section VIII concludes the 

paper by summarising our key contributions and insights  

derived from this study.  

 

II. RELATED WORK 

Anomaly and outlier detection methods  have been exten-

sively adopted across diverse domains, including electricity  

monitoring [10], equipment fault diagnos is [11], and medical  

signal analysis  [12], primarily due to their efficacy in identify-

ing irregularities that s ignal potential sys tem failures. In envi-

ronmental sciences, such methodologies play a crucial role in  

detecting anomalous climate events. Flach et al. [7] compared  

multiple dimensionality reduction and anomaly detection al-

gorithms, such as  k-neares t neighbours mean distance, kernel  

dens ity estimation, and recurrence analysis, and demonstrated  

their effectiveness in identifying environmental anomalies us-

ing Earth observation data. Mahmoud and Gan [13] further  

advanced this domain by employing non-parametric change-

point detection integrated with GIS -based decision support 

systems, assessing urbanisation and climate change impacts  

on flood risks in Egypt to produce detailed flood suscepti-bility 

maps. Expanding the methodological scope, Hael and Yuan 

[6] proposed a functional outlier detection approach 

employing functional bag-plots and highest-density region 

box-plots, successfully identifying extreme rainfall anomalies  

in Yemen over a 21-year dataset. More recently, Zhang et al. 

[14] introduced an approach based on Support Vector Data  

Description (SVDD), utilising multi-class class ification and 

multi-label recognition techniques to effectively discriminate  

normal patterns from extreme events, including typhoons  and  

earthquakes. 

In agricultural applications , the adoptions of anomaly de-

tection have been specifically tailored to address cultivation  

practices and crop health monitoring. Peichl et al. [15] utilised 

random forest models to identify yield anomalies in winter  

wheat attributable to soil mois ture variability and extreme 

weather events , highlighting soil moisture as having a more  

significant impact compared to meteorological variables, par-

ticularly when combined with spatial clus tering techniques.  

Similarly, Mouret et al. [16] effectively employed Isolation  

Forests  to analyse Sentinel-1 and Sentinel-2 time series  data to 

detect anomalous crop development at the parcel level.  

Castillo-Villamor et al. [17] developed an Earth Observation-

based Anomaly Detection (EOAD) sys tem that automated 

the thresholding of optical vegetation indices derived from 

Sentinel-2 and PlanetScope imagery achieving high accuracy  

in identifying yield-limiting anomalies in rice fields. Subse-

quently, Moso et al. [18] proposed an ensemble-based anomaly 

detection approach des igned for smart agriculture data s treams, 

successfully validating their approach on GPS logs from com-

bine harves ters  and crop datasets  to enhance farm efficiency.  

Mujkic et al.  [19] extended anomaly detection methodologies  

further into precis ion agriculture by leveraging convolutional  

autoencoders, particularly semi-supervised variants utilising  

max-margin loss, to detect unknown obstacles in autonomous  

agricultural vehicles. Most recently, Sjulga˚rd et al. [20] anal-

ysed historical temperature and precipitation anomalies across  

Sweden, highlighting significant yield losses resulting from 

extreme summer weather events, particularly affecting spring-

sown crops due to their shorter growing periods and sensitivity 

to soil-texture interactions.  

While these studies significantly contribute to the field 

of anomaly detection in environmental and agricultural con-

texts, they underscore the ongoing need for methods that 

can integrate advanced machine learning with explainable and 

interpretable frameworks in the real world. Addressing this gap 

could enhance stakeholder unders tanding and decision-making 

capability, providing practical solutions tailored for real-world 

agricultural and environmental management scenarios.  

 
III. DATA 

The datasets employed in this study comprise detailed  

climate and kiwifruit yield records  from New Zealand, se-lected 

to facilitate an analys is of climate impacts on regional orchard 

productivity. Specifically, the kiwifruit yield data were sourced 

from The Yield Technology Solutions1 (now Yamaha 

Agriculture), covering a total of 3,437 farms, thus enabling 

high-resolution,  farm-level analysis.  Concurrently,  

 
1https://www.theyield.com/ 
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Fig. 2. Samples of extreme events summarised from NIWA seasonal summary 

documents. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 

Fig. 1. Spatiotemporal statistics on the climate data and yield data. 
 

 

 

 
2https://niwa.co.nz/climate-and-weather/national-climate-database 
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weather events from daily climate data, thereby facilitating a  

robust assessment of their impacts on kiwifruit yields across  

regional orchards.  

 

IV. METHODOLOGY 

Figure 3 presents our methodological workflow employed in 

this study. The analysis began with the acquis ition of three 

aforementioned data sources. Each dataset underwent a 

structured pre-processing pipeline to ensure data integrity and 

cons istency. The pre-processing phase commenced with a 

comprehensive data cleaning procedure, addressing incon-

sistencies, missing values (found to be only less than 10 

days in between), and potential errors. Specifically, miss ing  

values were handled using forward filling, where each miss ing 

entry was replaced with the las t observed value. Following data 

cleaning, all datasets were spatio-temporally aligned by 

matching observations to the neares t weather stations and  

synchronising data across overlapping years.  

Subsequently, the processed datasets advanced to the 

anomaly detection phase. Isolation Forest (IF) was  employed  

as the primary anomaly detection method due to its computa-

tional efficiency and its ability to effectively isolate anomalies  

through recursive partitioning. Unlike density- or distance-

based approaches, IF leverages random feature-space parti-

tioning to isolate anomalous  points efficiently.  Mathematically,  

IF cons tructs multiple isolation trees through recursive binary  

partitioning. Given a dataset X = {x1, x2, ..., xn}, each tree 

partitions the feature space iteratively until all ins tances are  

isolated in leaf nodes. The anomaly score s(x) of an instance x 

is computed as: 

− E( h( x)) 

s( x, n) = 2  c( n) 

where E(h(x)) represents the average path length from the root 

node to the node containing x across  all isolation trees, and 

c(n) is the expected path length of unsuccessful searches in a 

binary search tree, expressed as : 

2(n − 1) 
c( n) = 2H( n − 1) − , 

n 

where H(i) denotes the harmonic number, defined as H(i) = 

ln(i) + 0.5772156649 (Euler-Mascheroni cons tant). Instances  

exhibiting shorter average path lengths were classified as  

anomalies, as they were more readily isolated. The contamina-

tion hyperparameter of IF, which determines the proportion of 

data points identified as anomalies, was tuned between 0.005  

and 0.05 through an iterative trial-and-error approach for each 

climate feature independently. The detected anomalies  were  

subsequently validated agains t his torical observational records  

to assess the model’s precision and its capability in identifying 

significant deviations in climate data.  

Finally, in the analys is phase, the results of the anomaly  

detection process were interpreted using instance-based expla-

nations , incorporating domain expertise to contextualise and  

substantiate the findings. Additionally, the impact of extreme 

weather events on kiwifruit yield was  quantitatively assessed  

by computing the reduction in yield relative to the average of  

preceding years .  

V. RESULTS 

This section presents our findings from the integrated anal-

ysis of climate and agricultural data, highlighting the impacts  

of key climatic events on kiwifruit yields across northern 

New Zealand. Using anomaly detection and yield variation  

assessments, we examine how drought, heatwave, extreme 

rainfall, and frost influence crop production at a regional scale.  

The results provide insights into the extent of yield fluctuations  

under different climatic conditions, revealing both vulnerabil-

ities to various extreme events and adaptive responses across  

farms and kiwifruit varieties : i) Green/Hayward (HW) variety,  

and ii) Gold (GA) variety. Note that the farm identifiers (4-digit 

numbers) were replaced by unique capital letters in this  

paper due to business confidentiality. The farms were selected 

due to their proximity to the named weather stations in northern 

New Zealand.  

 

A.  Drought 

The integrated climate and agricultural data presented in  

Figure 4 illus trate critical relationships between drought condi-

tions, climate anomalies, and kiwifruit yield fluctuations across  

northern New Zealand. Several moderate to severe drought  

episodes  occurred from 2015 to 2024, notably aligning with the 

significant drought event of 2020 reported by NIWA. Anomaly 

detection results for relative humidity and rainfall at s tation-

2006 further validate these climatic irregularities.  

Correspondingly, annual kiwifruit yields exhibited substantial  

variability across analysed farms during the drought year.  

Yield losses ranged from approximately -28% (increasing 

yield) to over 44% compared to the previous 5-year average,  

with farm D (HW variety) experiencing the most severe  

reduction of 44%, followed closely by farm E (GA variety) 

at approximately 41%. Conversely, farm D (GA variety) and  

farm B (GA variety) showed a yield increase of about 29% and 

21% respectively, reflecting variability even within the same 

location across  different crop types. Farms cultivating the HW 

variety, such as farm A and D, also displayed s ignificant  yield 

reductions (around 29% and 34%, respectively). These 

findings highlight cons iderable variability in kiwifruit yields in 

response to drought conditions, emphasis ing the necessity for 

farm and variety-specific adaptation s trategies.  

 

B.  Heatwave 

The integrated climate and agricultural data presented in  

Figure 5 illustrate critical relationships between the 2022  

heatwave event, climate anomalies, and kiwifruit yield fluc-

tuations across northern New Zealand. Anomaly detection  

results  at s tation-37656 clearly identify significant tempera-ture 

deviations (Tmax and Tmin), confirming the presence of an 

exceptional heatwave, aligned with NIWA’s report of record 

warmth from January to June 2022. Rainfall anomalies were 

comparatively less frequent during the same period.  

Interes tingly, the yield data from selected farms indicate a  

generally positive influence from the heatwave, contras ting  

notably with drought-induced yield reductions observed pre-

vious ly. Compared to the 5-year window average from 2017 
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Fig. 3. Overview of the methodology workflow. The approach integrates diverse data sources, pre-processing steps, Isolation Forest-based anomaly detection, and 

instance-based explanations supported by domain knowledge to evaluate the impact of extreme weather events on annual kiwifruit yield. 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
Fig. 4. Weather station (red cloud icons) and kiwifruit farm locations (blue dots) in northern New Zealand, alongside climate anomalies, drought indicators, 

and annual kiwifruit yields. The panels illustrate drought severity (NZ Drought Index, February 2020), Standardised Precipitation Index (SPI) drought intensity 
(station-2006), anomalies detected in relative humidity and rainfall (red points), and yield patterns for two kiwifruit crop types (GA in red; HW in blue) from 

five selected farms. 



 

 

 
 
 

 
 

 
6 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 

 
Fig. 5. Locations of weather stations (red cloud icons) and kiwifruit farms (blue dots) in northern New Zealand, alongside climate anomalies related to temperature 
and rainfall, with anomaly detection results at station-37656 for maximum temperature (Tmax), minimum temperature (Tmin), and rainfall. Annual 

kiwifruit yields for two crop types (GA in red; HW in blue) from five farms are also illustrated. 

 

to 2021, all five selected farms demonstrated yield increment  

ranging from approximately 3% to 47%, notably farm H 

(GA) with an 3% improvement, farm G (GA) demonstrated a  

remarkable yield increase of 47%. Additionally, farm H (HW) 

and farm I (HW) also experienced modest yield improvements  

of approximately 13% and 25%, respectively. These positive  

responses highlight outs tanding res ilience for both kiwifruit  

varieties under heatwave conditions, reinforcing the various  

impact of extreme events on kiwifruit industry.  

 

C. Rainfall 

The integrated climate and agricultural data presented in  

Figure 6 illus trate s ignificant impacts of extreme rainfall events  

on kiwifruit yields across northern New Zealand, particularly  

during the summer of 2022-2023. Anomaly detection results  

for rainfall at s tation-1520 confirm frequent high-intens ity 

rainfall events, supported by the S tandardised Precipitation  

Index (SPI)3 peaks and NIWA’s reports  identifying record or  

near-record wet conditions  at multiple locations. Correspond-

ingly, yields across the analysed farms s ignificantly declined in 

2023, with losses  ranging from approximately 3% to as  high as  

38%. Farm K and L (both HW variety) faced the most severe 

reduction of 38% and 30% respectively, while farm M (GA  

variety) experienced the least yield decrease (approximately  

3%). Notably, both kiwifruit varieties, i.e., GA and HW,  

showed s ignificant vulnerabilities, although variability within 

3https://niwa.co.nz/nz-drought-indicator-products-and-information/ 

drought-indicator-maps/standardised-precipitation-index-spi 

and between varieties pers isted (GA: 21.27%; HW: 22.83%).  

These results clearly underscore the severe impact of extreme 

rainfall events on kiwifruit production, highlighting cons ider-

able risks and the critical need for farm-level adaptation and 

robust event management strategies.  

 

D. Frost 

The integrated climate and agricultural data presented in  

Figure 7 illustrate substantial kiwifruit yield impacts resulting  

from fros t events in early 2023 across northern New Zealand.  

Frost, particularly late-spring fros t, tends to be localised and  

often overlooked by government climate agencies due to its  

small spatial scale, making detection from standard anomaly  

results challenging. Relative humidity (RH), minimum tem-

perature (Tmin), and wind speed (GustSpd) are critical in-

dicators included here due to their direct relevance to fros t  

formation: frost typically occurs under conditions of low min-

imum temperatures, calm winds , and high relative humidity.  

Although anomaly detection at station-1615 identifies sporadic 

anomalies  in these variables, the precise timing and localised  

nature of fros t mean these broader -scale detections  may not 

fully capture its true intensity and frequency. Nonetheless,  

yield data confirm s ignificant agricultural impacts, with yield  

reductions ranging from approximately 7% to over 42%. Farm 

P (26.17%), farm Q (29.67%) and farm R (33.66%)  

experienced the most severe yield losses  on both GA and HW, 

emphasising kiwifruit vulnerability to fros t. Conversely, farm 

S (GA) experienced the smallest reduction, approximately 7%. 

These subs tantial yet variable yield impacts  underscore fros t as 
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Fig. 6. Locations of weather stations (red cloud icons) and kiwifruit farms (blue dots) in northern New Zealand, alongside evidence of record-breaking rainfall 

events during the summer of 2022-2023. SPI values and rainfall anomaly detection at station-1520 validate the extreme intensity of these events. Kiwifruit 
yield fluctuations for two crop types (GA in red; HW in blue) from five farms illustrate yield changes associated with extreme rainfall. 

 

a critical, though frequently underestimated, threat to kiwifruit 

productivity. A comparative analys is of yield losses between  

GA (13.33%) and HW (35.22%), conducted on five randomly  

selected farms, indicates  that GA exhibits  superior res ilience to 

frost conditions.  

 

VI. DISCUSSION AND FUTURE DIRECTIONS 

The findings  presented above reveal s ignificant variability  in 

the effects  of extreme events, namely drought, extreme rainfall,  

heatwave, and frost, on kiwifruit yield in northern  New 

Zealand, as shown in Figure 9.  Among these, frost events  

exhibited the most severe impact, with average yield losses  

of approximately 27% across the five analysed farms. This was  

followed by extreme rainfall at 23%, drought at 20%, and 

heatwave, which had the least adverse effect with average 

benefit around 15%. The pronounced impact of frost highlights  

a major but often under-recognised threat to kiwifruit produc-

tion, likely attributable to the localised and trans ient nature 

of frost events, which may lead to their under-reporting. On the 

other hand, when yield changes were disaggregated by  

kiwifruit variety, further patterns emerged. Both GA and HW 

varieties experienced subs tantial reductions during drought  

conditions, though intra-group variability was  evident. On  

average, HW kiwifruit suffered greater losses (33%) compared 

to GA (5%). Heatwave, however, produced mixed outcomes:  

GA farms  even reported yield increases  (up to 31%), while HW 

farms showed around average yield with previous years.  

Extreme rainfall in early 2023 resulted in significant yield  

reductions for both types –  approximately 22% for GA and 

25% for HW. Similarly, fros t caused major losses across both  

varieties, with average reductions of 25% for GA and 29% for 

HW, underscoring the widespread vulnerability of kiwifruit to  

frost and excessive rainfall, regardless of cultivar.  

While anomaly detection techniques effectively identified  

broader climatic anomalies such as drought and extreme rain-

fall, they showed limitations in capturing the highly localised  

and transient nature of frost events. The challenge in detect-ing 

frost through s tandard anomaly indicators (e.g., relative  

humidity, minimum temperature, wind speed) highlights the  

limitations of generalised anomaly detection methodologies  

and points to the need for finer-scale, farm-specific monitor-ing 

systems. Apart from the limitation from the algorithm itself,  

the limited record of frost events in official reports also 

obstacle the research on frost in New Zealand. Based on 

the exis ting reports from kiwifruit industry [23], they sugges t 

significant variability in fros t impacts among growers. The 

reported variability in yield reduction aligns with the observed 

wide range in farm-level data within this s tudy. Such variability 

may contribute to the absence of comprehensive governmental 

reporting on frost impacts.  

Additionally, yield analyses  revealed several counterexam-

ples where farms experienced limited impacts despite exposure 

to extreme climatic events. Figure 8 illustrates orchards that  

exhibited relatively minor yield reductions. Based on empiri-cal 

observations, identifying such counterexamples was more  

feas ible for drought events than for extreme rainfall or fros t,  

sugges ting that drought impacts may be more amenable to  

mitigation through human intervention. In contrast, orchards  
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Fig. 7. Locations of weather stations (red cloud icons) and kiwifruit farms (blue dots) in northern New Zealand, accompanied by evidence of frost occurrence 
in early 2023 (source: Zespri). Anomaly detection results at station-1615 for relative humidity (RH), minimum temperature (Tmin), and wind speed (GustSpd) 

provide further context. Yield data from five farms for two kiwifruit crop types (GA in red; HW in blue) demonstrate impacts associated with the frost event. 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
Fig. 8. Counterexamples of kiwifruit yield for 2020’s drought, 2022’s heatwave, and 2023’s frost. For extreme rainfall, we find zero counterexample (GA in 

red; HW in blue). 
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Fig. 9. Yield reduction percentages under different window averaging sizes. Each group consists of six bars, with the horizontal dashed lines indicating the 

mean yield reduction within each group. 

 

appear to be less resilient to intense rainfall and frost,  which  are 

more difficult to manage effectively at the farm level. These 

insights  also underscore the importance of incorporating farm-

specific management variables (such as canopy architec-ture, 

irrigation s trategies, and frost protection techniques) into future 

modelling efforts aimed at explaining or forecasting yield 

variation. Moreover, an important but under-explored 

dimens ion is the additive effect of multiple extreme events  

occurring within a single season. S ituations where drought,  

intense rainfall, and frost co-occur — either sequentially or in  

combination — may compound stress on crop systems in non-

linear ways. Unders tanding these compound events is crucial  

for both modelling and intervention, as their combined impact  

may not be adequately captured by analysing each of them 

in isolation. To address spatial variability in yield outcomes  

across different stations  and farms, we also recommend the  

application of ensemble-based analyses. Integrating data from 

multiple weather stations and farms can help smooth out lo-

calised anomalies and counterexamples, leading to more robust 

and generalisable inferences. Ultimately, such approaches will 

enhance the accuracy of future yield predictions and support  

the development of more effective and site-specific adaptation 

strategies.  
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VIII.  CONCLUSION 

This  study examined the impact of extreme climate events  

on New Zealand’s kiwifruit yield using anomaly detection 

techniques. Our findings highlight s ignificant yield reductions  

due to extreme rainfall and frost, while heatwave showed  

mixed effects. The results  underscore the complexity of  

climate-yield interactions. Additionally, limitations in detect-

ing localised events like frost suggest the need for finer -scale 

meteorological data and improved detection methods. Future  

work should integrate multi-farm data and agronomic variables  

to enhance anomaly detection and yield prediction supporting  

more resilient agricultural practices.  
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Abstract 

Climate extremes present escalating risks  to agriculture intens ifying the need for reliable multi-hazard early warning 

sys tems (EWS). The s ituation is evolving due to climate change and hence such systems should have the intelligent to  

continue to learn from recent climate behaviours. However, traditional s ingle-hazard forecas ting methods  fall short in  

capturing complex interactions among concurrent climatic events . To address this deficiency, in this paper, we combine  

sequential deep learning models and advanced Explainable Artificial Intelligence (XAI) techniques to introduce a multi -

hazard forecas ting framework for agriculture. In our experiments, we utilize meteorological data from four prominent  

agricultural regions in the United S tates (between 2010 and 2023) to validate the predictive accuracy of our framework  on 

multiple severe event types, which are extreme cold, floods, frost, hail, heatwaves , and heavy rainfall, with tailored  models  

for each area. The framework uniquely integrates  attention mechanisms with TimeSHAP (a recurrent XAI explainer for 

time series) to provide comprehensive temporal explanations revealing not only which climatic features are influential but 

precisely when their impacts occur. Our results demonstrate strong predictive accuracy, particularly with the BiLSTM 

architecture, and highlight the sys tem’s  capacity to inform nuanced, proactive risk management s trategies.  This research 

significantly advances the explainability and applicability of multi -hazard EWS, fos tering interdisciplinary trus t and 

effective decision-making process  for climate risk management in the agricultural indus try.  

Keywords: Multi-hazard, Early warning sys tems, Explainable artificial intelligence, Temporal explainability  

 

1  1. Introduction 27  which pose unprecedented challenges  to traditional s ingle- 

28  focus  EWS (Brett et al., 2025). An intense weather episode 

2 Agriculture is  known to be vulnerable to climate change, 29 

3  which has already impacted crop production in a mea- 30 

4  surable manner (Schlenker and Roberts, 2009; Lobell and 31 

5  Di Tommaso, 2025; Betts et al. , 2018). In particular, ex- 32 

6  treme weather events are amplifying such problem and 33 

7  pose escalating threats  to agricultural productivity  and 34 

8 economic s tability, especially as climate change drives an 35 

9  increase in the frequency and intensity of climate extremes 36 

10  worldwide (Lesk et al., 2016; Chen and Sun, 2018). Haz- 37 

11 ards, such as extreme cold, floods , fros t,  hail, heatwaves, 38 

12  and heavy rainfall, can devastate crop yields and supply 39 

13 chains incurring mass ive financial losses (Liu and Basso, 40 

14  2020; Schmitt et al.,  2022). In recent decades , climate- 41 

15  related disasters have cos t hundreds  of billions  in dam- 42 

16  ages , and recent years have seen a disproportionate share 43 

17 of these losses as  extreme events become widespread (Pow- 44 

18  ell and Reinhard, 2016).  Early warning systems (EWS) are 45 

19  therefore becoming necess ities  to the agricultural sector 46 

20  and broader economy, providing advance hazard forecasts 47 

21  that enable farmers,  communities , and decis ion-makers  to 48 

22  take proactive measures  to mitigate adverse climate im- 49 

23 pacts (Basher, 2006; Reichs tein et al., 2025; Camps-Valls 50 

24  et al., 2025).  

25 However, surging climate and weather extremes  increas- 

26 ingly involve multiple,  concurrent, or cascading hazards,  

may trigger various threats  in tandem (e.g., heavy rain  

leading to floods and crop disease, or a late spring fros t  

following an early warm spell),  s tress ing the need for in -

tegrated monitoring of diverse perils . Recognizing this  

complexity, the international community has emphasized  

the development of multi-hazard early warning sys tems as  

a priority.  For example, the United Nations and World  

Meteorological Organization launched the “Early Warn -

ings for All” initiative1 in 2022 to expand EWS coverage 

for all major hazards (WMO, 2022).  A unified multi-

hazard EWS offers the versatility of consolidating fore -

cas ts for different extremes within a single framework,  

which is especially valuable for agricultural risk manage -

ment. By simultaneous ly predicting multiple hazard types  

(rather than operating separate siloed warning tools for  

each peril),  a unified approach can provide more compre -

hens ive s ituational awareness and efficient resource alloca-

tion for disaster preparedness  (Zhang et al., 2023b).  In 

practice, s tate-of-the-art forecas ting methods have mostly  

remained hazard-specific — for ins tance, specialized data-

driven models exis t for individual perils  such as  floods,  

droughts,  or hailstorms (Beillouin et al.,  2020; Lobell et al.,  

 
1https://www.un.org/en/climatechange/ 

early- warnings- for- all 
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51  2011) — yet comparatively few attempts  have been made108  

52  to develop integrated multi-hazard systems (Hras t Essen- 109 

53 felder et al. , 2025; Reichstein et al., 2025). This negligence110  

54  highlights the need for an early warning solution capable111  

55  of handling a suite of hazards  in tandem, thereby improv- 112 

56  ing the coordination of protective actions across different113  

patterns from a decade of weather s tation data (2010-2023) 

from the United States and to provide probabilistic fore -

cas ts for s ix hazard types : extreme cold, floods,  fros t,  hail,  

heat, and heavy rainfall. The sequential models allows the 

sys tem to capture complex temporal dependencies in me-

teorological data. Moreover, we embed explainability at 

57  threat scenarios.  114 the core of the sys tem. The attention mechanism provides  

58 

 
59 

 
60 

 
61 

 
62 

 
63 

 
64 

 
65 

 
66 

 
67 

 
68 

 
69 

 
70 

 
71 

 
72 

 
73 

 
74 

 
75 

 
76 

 
77 

 
78 

 
79 

 
80 

 
81 

 
82 

 
83 

 
84 

 
85 

 
86 

 
87 

 
88 

 
89 

 
90 

 
91 

 
92 

 
93 

 
94 

 
95 

 
96 

 
97 

 
98 

 
99 

 
100 

On the other hand, the agricultural domain is  inherently 115 

interdisciplinary: meteorologists , agronomis ts,  and policy- 116 

makers must collaborate and develop trus t on common 117 

platforms. While black-box machine learning models  are118 

powerful forecas ters,  they often lack of transparency im-119 

peding their adoption in high-s takes decis ion environments 120 

(Zhou et al. , 2021; Arrieta et al. , 2020). Explainable Ar- 121 

tificial Intelligence (XAI) techniques  seek to address this 122 

issue by illuminating the reasoning behind model predic-123 

tions, thereby enhancing users’ trus t,  accountability, and124 

uptake of AI-driven tools  (Arrieta et al.,  2020). In the125 

context of hazard forecas ting, XAI can bolster confidence126 

in an EWS by clarifying why a model predicts an extreme 127 

event. For example,  Budimir et al. (2025) identified the at-128 

mospheric s ignals or precursor conditions that led to alerts 129 

in his  recent work to provide explanation. Such trans- 130 

parency is crucial for interdisciplinary trust: stakeholders 131 

from different fields can verify that the model’s behavior 132 

aligns with domain knowledge and can more readily act133 

on its warnings. Modern studies have accordingly begun 134 

integrating XAI into climate risk tools, with notable suc- 135 

cess in hazard-specific applications (e.g., AI models aug-136 

mented with explainability to detect wildfires, landslides ,137 

or floods) (Hrast Essenfelder et al., 2025; Cilli et al., 2022).138 

Nevertheless,  mos t current XAI applications in time-series 139 

hazard forecasting tend to focus on feature-level expla-140 

nations, emphas izing which input features (e.g., temper- 141 

ature, precipitation indices) most influenced a prediction142 

(Hras t Essenfelder et al., 2025; Cilli et al.,  2022). These143 

feature attributions, while informative, do not capture the 144 

temporal development of extreme events  — that is,  they145 

tell what factors mattered but not when. For sequential146 

models that inges t meteorological time series, unders tand- 147 

ing the timing and evolution of predictive s ignals is vital. 

For ins tance, decision-makers may wish to know whether  

an impending drought warning was driven by anomalous 148 

rainfall patterns in preceding months  or by a sudden recent  

weather shift. However, typical feature importance anal-149 

yses (e.g., SHAP value rankings of features) lack a tem- 150 

poral dimension and thus cannot reveal how early-season 151 

conditions versus immediate precursors  contributed to the152 

hazard forecast. This  limitation in exis ting XAI research153 

motivates the pursuit of richer, temporal explanations that154  

an intrins ic form of temporal explanation, by weighting the 

importance of pas t time steps when making each predic-

tion. In addition,  we adapt TimeSHAP (Bento et al. ,  2021) 

— a model-agnostic XAI method extending SHAP (Lund-

berg and Lee, 2017) to sequential data —  to generate pos t-

hoc explanations  that quantify the contribution of each time 

step (and each feature) to a given warning.  Time-SHAP 

computes feature-level and times tep-level attribu-tions  for 

recurrent models, thereby identifying not only  which 

features but also which time points or periods were most 

influential in the model’s  decision. By combining 

attention-based explainability with TimeSHAP analyses,  

our sys tem yields robus t temporal explanations for every  

hazard forecas t, helping to reveal the seasonal and short-

term precursors that drive extreme agricultural events.  We 

pos it that this unified, explainable multi -hazard EWS will 

enhance transparency and interdisciplinary trust in the  

model outputs, ultimately improving the sys tem’s effec-

tiveness as  a decis ion-support tool for climate resilience 

and agricultural risk management.  

The s tructure of  this  paper is  organized as  follows: Sec-

tion 1 introduces  the motivation for developing a unified,  

explainable multi-hazard early warning sys tem in agricul-

ture. Section 2 reviews relevant literature on early warn-

ing sys tems and XAI for climate hazard forecas ting. Sec-

tion 3 describes the data sources , preprocess ing s teps , and  

selection of agricultural regions used in this  s tudy. Sec-tion 

4 outlines the sequential modeling framework, train-ing 

mechanism, and the integration of explainability tech-

niques . Section 5 presents forecas ting outcomes and ex-

plainability analyses, including both local and global tem-

poral explanations. Finally, Section 6 concludes the s tudy  

with a comprehensive summary.  

 

 

2. Related Work 

 

Research on early warning sys tems  (EWS) has  gained re-

newed momentum s ince the launch of the United Nations’  

“Early Warnings for All” initiative in 2022 (WMO, 2022).  

In this context, Abdalzaher et al. (2023) proposed an ar-

chitecture that integrates  Internet-of-Things  sensors with  

machine learning techniques to enhance earthquake early 

101 elucidate the sequence of events leading to a forecast.  155 warning systems  in urban environments. Their frame- 
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107 

To address these deficiencies, we develop a unified multi-156  

hazard early warning sys tem for agriculture that not only157  

forecas ts multiple extreme events but also provides ex -158  

plainable temporal ins ights  into each prediction as shown159  

in Figure 1. Our framework leverages sequential deep160  

learning models  with an attention mechanism, to learn161  

2 

work aims to process real-time seismic s ignals  more effi-

ciently, thereby improving alert respons iveness in smart  

cities. Yet, the effectiveness of EWS is not solely de-

termined by technological advances. As  shown by Shah et 

al. (2023),  social and ins titutional challenges — such as  

limited trust in alerts, poor dissemination practices,  
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Figure 1: Graphical representation of the unified multi-hazard forecasting framework for agriculture.  The diagram illustrates data integration 
from meteorological sources, sequential model architecture with attention mechanisms, and the dual-layered explainability approach employing 
TimeSHAP for both local and global hazard explanations. 
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and the marginalization of vulnerable groups —  can un-191  

dermine the utility of flood warnings in regions like Pak -192  

istan. Their findings underscore the importance of NGO -193  

led communication s trategies to fill these gaps. Mov-194  

ing into 2025, attention has increasingly turned to multi -195  

hazard and integrated sys tems. For instance, Reichs tein196  

et al. (2025) presented a framework that couples  AI-driven197  

climate forecasting with impact assessments, advocating198  

for user-focused design and transparent model governance199  

to address complex climate risks more proactively.  Com-200  

plementing this direction, Rokhideh et al. (2025) assessed201  

EWS progress within the Sendai Framework, identifying202  

structural limitations such as fragmented hazard coverage,203  

insufficient funding in the Global South, and incons is tent204  

terminology across platforms.  They call for more inclu-205  

sive and coordinated systems that merge top-down policies206  

with local engagement.  In agriculture, De Clercq et al.207  

(2025) advanced an operations research-based model for208  

anticipatory action, us ing optimization methods  to acti -209  

vate timely interventions — such as input dis tribution or210  

early financial assistance —  based on predictive agricul-211  

tural hazard s ignals. This approach offers an alternative212  

to rigid threshold-based warnings and has shown improved213  

ciently es timate Shapley values, thereby identifying key  

temporal regions driving a model’s output while keeping  

computational demands manageable.  In a related effort,  

Zheng et al.  (2024) addressed sequential decis ion-making 

by introducing R2RISE, a technique that highlights  influ-

ential frames in imitation learning tasks, offering ins ights  

into how policies  respond to specific temporal contexts.  

Within meteorology, XAI methods have begun to play a  

more prominent role in enhancing the explainability  of haz-

ard prediction sys tems.  For example, Cilli et al.  (2022)  

applied an explainable random forest model to identify  

wildfire risk in Southern Europe, leveraging feature attri-

bution to uncover major contributing factors  —  such as  

drought indicators and vegetation health —  and to de-

lineate regions of elevated concern. Addressing a broader  

range of climate hazards, Hras t Essenfelder et al. (2025)  

designed an XAI framework guided by domain expertise,  

where models trained on historical agro-climatic data pro-

duce probabilistic warnings for extreme events like heat-

waves and droughts, accompanied by explainable jus tifi-

cations  that align with expert reasoning. Despite these 

advancements, concerns  have been raised about the limits  

of pos t hoc explainability. O’Loughlin et al. (2025) ar- 

185 respons iveness in farming contexts.  214 gue for a shift toward inherently transparent modeling ap- 
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In parallel with advances in early warning systems, the215  

field has  witnessed s ignificant progress in explainable ar -216  

tificial intelligence (XAI), particularly in the context of217  

time-series modeling. Nayebi et al. (2023) proposed Win -218  

dowSHAP, a method that segments time series to effi- 219 

3 

proaches, drawing inspiration from the modular s tructure  

of phys ics -based climate simulations , where each compo-

nent can be sys tematically evaluated. They sugges t that 

embedding explainability directly into the model architec-

ture offers  deeper and more actionable unders tanding than 
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retrospective explanations . Complementing these perspec- 273 

tives, Pathania and Gupta (2025) developed a transformer-

based drought forecas ting model tailored for India, in- 274 

corporating attention mechanisms to reveal which spa- 275 

tial and temporal inputs  are most critical to the predic-276 

tion. Their work demonstrates that high-performing deep277 

learning models can s till yield explainable outputs,  thereby 278 

facilitating informed decis ion-making in climate-sens itive279 

domains. Collectively,  this body of work reflects a growing280 

emphas is  on not only achieving accurate multi-hazard fore- 281 

cas ts but also ensuring their outputs are understandable 282 

and actionable for stakeholders in  agriculture and environ- 283 

4. Methodology 

The forecas ting framework presented in this  research 

integrates several sequential models enhanced by atten-tion 

mechanisms to s imultaneously predict multiple agri-

cultural hazards (as shown in Figure 1). Our approach 

employs a many-to-one s tructure, outputting predictions  

representing the anticipated occurrence of extreme events  

within a 90-day forecasting horizon. Daily meteorological 

inputs , gathered from weather s tations  dis tributed across  

the United States, are formatted as  two-dimens ional ar-rays,  

reflecting time s teps and climate features,  and ex- 
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mental planning.  

 

 

3. Data 
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pand into three-dimens ional arrays when batch process ing  

is used. Model performance and stability are rigorously  

assessed across  various  sequence lengths and s tride s izes to 

optimize temporal coverage and resolution, thereby en-

hancing predictive precision.  

We employ the Poisson Negative Log Likelihood (NLL) 

234 

 
235 

 
236 

 
237 

 
238 

 
239 

 
240 

 
241 

 
242 

 
243 

 
244 

 
245 

 
246 

 
247 

 
248 

 
249 

 
250 

 
251 

 
252 

 
253 

 
254 

 
255 

 
256 

For this study, we select climate data from four coun- 290 

ties  of the United S tates: i) Sonoma (California), ii) Kent291  

(Michigan), iii) Adams (Pennsylvania), and iv) Yakima292  

(Washington). They are widely recognized for their s ig -293  

nificant contributions to regional agriculture. These loca-294  

tions are among the leading fruit-producing areas  in their295  

respective states referring to FoodData Central. Daily296  

weather observations at the county level, spanning from 297  

2010 to 2023, were collected from nearby NOAA weather298  

stations us ing the NCEI Climate Data Online (CDO) plat -299  

form. S tation selection prioritized feature completeness 300  

and temporal coverage. The meteorological dataset in -301  

cludes features  related to temperature (e.g., daily highs302 and 

lows), precipitation, snowfall, and sunlight expo-303  sure. 

To capture weather-related hazards, we additionally304  

sourced his torical records of extreme events from NOAA’s305  

Storm Events Database covering the same period. This306  

dataset includes  event type, severity, and duration. We307  

excluded events of light or moderate impact based on as -308  

sociated economic losses, agricultural damage, and casu -309  

alties, retaining only s ix categories  of severe events : Ex-310  

treme Cold, Flood, Fros t, Hail, Heat, and Extreme Rain.311  

Droughts were excluded due to their infrequent reporting312  

as  loss function in model training. It was chosen for its  

suitability  in modeling the nature of our target variables  

— discrete event counts such as the number of frost, hail,  

or drought occurrences over a given period.  Unlike s tan-

dard regress ion losses  that assume continuous and nor-

mally dis tributed targets, Poisson NLL more accurately  

captures  the sparsity and stochas ticity typical of agricul- 

tural hazard data (Nelder, 1974). For optimization, we use 

the AdamW algorithm with a learning rate of 1 × 10−3.  

AdamW is selected for its ability to decouple weight decay 

from the gradient update, offering more effective regular-

ization (Parikh et al.,  2014). This  is particularly advan-

tageous given the divers ity of regional climates and the  

sequential nature of the input data, where overfitting is  

a common concern. Its s table convergence characteristics  

and generalization performance further support its appli-

cation in our deep learning setup.  

Several model architectures are evaluated, including 

Long Short-Term Memory (LSTM), Bidirectional LSTM  

(BiLSTM), and Transformer-based methods. Attention 

mechanisms, specifically Bahdanau attention layers, are  

integrated into the LSTM and BiLSTM models to effec-

tively capture critical temporal dependencies  within input 

257 in the selected regions.  313 sequences (please refer to Zhang et al.  (2023a) for details).  
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Prior to modeling, several preprocess ing steps  were 314 

applied to prepare the data. Meteorological features315  

with subs tantial miss ing values  were discarded,  and event316  

Mathematically, given a sequence X = x1, x2, . . . , xT ,  

attention-weighted representations are computed through  

αt  = softmax(score(ht , sT )) and aggregated as c = 

 
261 records were aggregated to the county level to ensure spa-317 

T 
t=1 

αt ht ,  where ht denotes the hidden s tate at time t,  sT 
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tial cons is tency with the climate data. The s ix severe event318  

types were converted into binary indicators through one-319  

hot encoding, denoting event occurrence on a daily ba-320  

sis. The weather and event datasets were then temporally321  

aligned and merged. A 14-day forecasting window was322  

adopted: for each observation day, the number of severe323  

events occurring within the following 14 days  was  summed324  

by type to cons truct multi-label prediction targets. Las tly,325  

all continuous  meteorological features were s tandardized326  

using a zero-mean, unit-variance transformation to facili- 327 

the sequence’s final s tate, and αt the associated attention  

weights. The Transformer model incorporates multi-head 

self-attention mechanisms and position-wise feed-forward 

networks , deliberately configured with compact embed-

ding dimensions and fewer transformer layers to optimize  

computational load and predictive accuracy.  

Explainability of our framework is ensured through both 

local and global explanatory methodologies. At the lo-

cal scale, TimeSHAP is employed to determine tempo-

ral feature s ignificance us ing Shapley values, identifying 

272 tate model training.  328 
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how each feature at specific time points  contributes  to 
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Figure 2: Local explainability heatmaps depicting the temporal and spatial variability in feature significance for distinct extreme weather  
events across selected agricultural counties. The color intensity indicates the magnitude of feature influence, reflecting the meteorological  
dynamics specific to each hazard type and location. 

 
 

 

 

 

 

  

 

 

357  availability, we implemented region-specific models instead 
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Figure 3: Aggregated global explainability analysis for California and Michigan, highlighting distinct seasonal patterns and the dominant climatic 
features underpinning frost and hail event predictions.  The analysis emphasizes temperature and precipitation dynamics, aligning closely with 
recognized meteorological processes. 

 

Table 1: Average model performance over all selected extreme 
events on unseen samples 
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California and Michigan, elucidating how regional climate 

patterns influence frost and hail events . In California, a 

pronounced seasonal rhythm emerges,  with meteorological 

feature importance peaking sharply during colder months,  

coinciding precisely with typical frost conditions . Mini-

mum and maximum temperatures, along with precipita -

tion, emerge cons istently as key predictive features. These 

findings resonate with known meteorological processes, no-

tably nocturnal radiative cooling and saturation condi-tions  

critical for fros t formation. In Michigan, however,  
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ditions influencing extreme event profiles. For instance,404  

Sonoma County (California)  experiences  pronounced tem-405  

poral shifts  in minimum (TMIN) and maximum (TMAX)406  

temperatures  during fros t events, directly corresponding to407  

frost formation mechanisms. In Kent County (Michigan),408  

hail events  exhibit variable importance for snow depth409  

(SWND), suggesting its  potential influence on near-surface410  

thermal dynamics. Adams County (Pennsylvania) promi-411  

nently features daytime maximum temperatures and pre -412  

cipitation (PRCP) during heat events , capturing the agri -413  

cultural impact of prolonged dry spells . In Yakima County
414  

(Washington), flood events underscore precipitation and
415  

soil mois ture levels , cons istent with the region’s suscepti -
416  

bility to sustained rainfall and flooding. These dis tinctions
417  

align well with established meteorological principles, offer-
418  

ing clear guidance for targeted agricultural risk mitigation.
419  

Figure 3 provides aggregated global explanations  for 420  

6 

the analysis highlights different seasonal periodicities as-

sociated with hail events . Here, precipitation and snow  

depth emerge as the dominant indicators . Heavy precip-

itation marks s trong convective s torm activity, which is  

vital for hail development. Additionally, snow depth po-

tentially affects surface temperature gradients , influencing  

boundary-layer conditions conducive to s torm formation  

during seasonal trans itions.  This alignment of model in-

terpretations with recognized meteorological dynamics un-

derscores their credibility.  

Combining local and global explanations, alongs ide with 

feature-level and temporal perspectives, provides  a com-

prehens ive framework for interpreting extreme event fore-

cas ts. This integrated approach is crucial for unified multi-

hazard forecas ting, as it captures the intricate relation -ships  

of meteorological features across varying temporal scales  

and spatial contexts. By address ing both immediate 
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LSTM  BiLSTM  Transformer  

MAE RMSE MAE RMSE MAE RMSE 

Sonoma(CA)  0.0562 0.1642 0.0442 0.1649 0.0608 0.1629 

Kent(MI) 0.0365 0.1697 0.0313 0.1692 0.0360 0.1701 

Adams(PA)  0.0261 0.0711 0.0201 0.0704 0.0308 0.0716 

Yakima(WA) 0.0758 0.2901 0.0683 0.2941 0.0652 0.2791 
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and longer-term climatic influences,  enhanced explainabil-470  

ity significantly aids stakeholder decision-making, enabling471  

precise interventions, efficient resource management, and472  

improved disas ter risk mitigation strategies  tailored to di -473  

verse agricultural environments.  

insecurity projected at 1.5 c and 2 c global warming with 

a higher-resolution global climate model. Philosophi-cal 

Transactions  of the Royal Society A: Mathematical, 

Physical and Engineering Sciences  376, 20160452.  
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6. Conclusion 

This  s tudy introduces a unified multi-agricultural haz-

ard forecas ting sys tem that effectively integrates deep 
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learning models with robus t temporal explainability tech-

niques . Our approach demonstrates high predictive accu- 
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432 agricultural contexts. By combining attention mechanisms   
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433 and TimeSHAP, the proposed system not only pinpoints  and challenges  for people-centered multi-hazard early 

434 key predictive features  but also reveals  critical timing in  
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stakeholders,  such as farmers and policymakers , to im-

plement timely and targeted mitigation s trategies.  Ulti- 486 

mately, the integration of explainability within the fore- 487 

cas ting model fos ters  greater transparency and s takeholder488 

confidence, enhancing practical resilience to climate-driven489 
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