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Highlights
What are the main findings?

e  Airborne laser scanning (ALS) can produce carbon estimates that are broadly com-
parable to those of traditional field-based inventories.

e  The traditional plot-based quantifications better accounted for dead tree carbon, but
ALS better accounted for live tree carbon in sparse forested conditions.

What are the implications of the main findings

e  The future use of remote sensing, especially ALS, for carbon quantifications looks
promising.

e  Hybrid or adjusted inventory approaches may be necessary in dense or mortality-
rich forests.

Abstract

This study evaluated airborne laser scanning (ALS) as a large-scale tool for forest carbon
quantification by comparing ALS-derived estimates with traditional field sampling across
multiple forest strata. Above-ground biomass was estimated using two different, com-
monly used equations, while below-ground biomass was derived from peer-reviewed
root-to-shoot ratios. ALS and field estimates differed across forest strata and carbon pools:
ALS detected higher live tree carbon in harvested areas—capturing residual trees often
missed in traditional cruises—but underestimated dead wood carbon, relative to field-
based methods. Consistent differences were also observed between biomass equations,
with Woodall estimates being 12.8% and 16.7% lower than Jenkins estimates for ALS and
field methods, respectively. The study further incorporated soil organic carbon (SOC) and
carbon dating data, providing additional insight into subsurface carbon stocks and the
temporal dynamics of forest carbon pools. Overall, ALS proved to be an efficient, repeat-
able, and scalable method for carbon assessment, offering clear advantages in monitoring
carbon flux over time when integrated with forest management protocols. Although fur-
ther research is needed to refine biomass equations and explore emerging technologies
such as Geiger Mode LiDAR, ALS has strong potential to enhance forest carbon crediting
processes and support climate change mitigation goals.
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1. Introduction

Climate change constitutes a significant societal challenge, prompting strategies
aimed at reducing greenhouse gas emissions and minimizing carbon footprints. Among
these strategies, forest carbon credits —simply defined as units of additional biogenic car-
bon stored in forests to offset emissions generated elsewhere—have gained traction as an
effective mechanism for facilitating climate change mitigation, particularly when on-site
reductions are either physically or economically impractical.

Terrestrial forests play a vital role in a variety of carbon credit-generating pathways
because they facilitate the capture of atmospheric carbon through the process of photo-
synthesis and its conversion into biomass. Nature-based forest-dependent carbon dioxide
removal (CDR) solutions typically involve the active management of forests to increase
carbon stocks in the form of above- and below-ground woody biomass, as well as soil
organic carbon (SOC). These solutions may include the intentional manipulation of eco-
systems, particularly in disturbed or degraded areas, to restore ecological functions and
increase carbon sequestration. Within carbon registries, these kinds of forest management
CDR projects take the form of afforestation, reforestation, or revegetation (ARR), in which
trees are planted in areas that have been deforested in the past or have never been for-
ested, and improved forest management (IFM), in which existing forests are managed to
promote tree growth and carbon sequestration, rather than maximizing the net present
value through intensive timber harvest. When forests are part of managed systems that
sustainably harvest biomass for products (e.g., timber, paper, energy), carbon- or CO»-
bearing waste streams from those processes may also become part of additional CDR
pathways in the form of biochar or sequestered COz. These are sometimes referred to as
biomass carbon removal and storage or BiCRS approaches [1], because the sequestered
carbon is biogenic and hence provides a net drawdown of atmospheric CO2 when consid-
ered on a full life-cycle basis.

The demand for high-quality nature-based CDR is anticipated to grow exponentially
[2]. This increasing interest highlights the necessity for enhanced standardization and
transparency in carbon quantification methodologies [3]. Central to the scalability of for-
est-based CDR is the precise quantification of forest carbon pools during the establishment
of a project (e.g., baseline) and periodic remeasurement. Protocols established by carbon
registries, such as the California Air Resources Board (ARB), the American Carbon Regis-
try (ACR), the Verified Carbon Standard (VCS), and the Gold Standard for the Global
Goals (Gold Standard) currently mandate on-site sampling, typically in the form of per-
manent monitoring plots, to develop these inventories [4-7]. Compared to stand-based
forest inventories conducted for timber sales or land valuation, carbon inventories are
typically performed at a larger scale, commonly at the strata or property level, and exhibit
a lower tolerance for error to ensure the accuracy of estimated carbon stocks. This preci-
sion enhances the confidence and legitimacy of carbon credits within the framework of
climate change mitigation objectives. One key challenge to this reduced error tolerance is
the fact that many regions and countries do not have accurate biomass or carbon esti-
mates. This necessitates reliance on summaries from institutions like the Intergovernmen-
tal Panel on Climate Change [8] and/or the need for on-site data collection exercises. Ac-
curately mapping forest structures that account for forest heterogeneity, growth and loss
cycles, carbon flux, topography, and the wide range of global management practices make
carbon and biomass accounting a challenging monitoring prospect [9].

For nearly a century, traditional sample-based forest inventory methods have been
common practice in forestry and are widely accepted for carbon and biomass estimation
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in registry methodologies. These methods use a smaller subset of trees to impute estimates
across large areas. However, data collection is inherently labor-intensive and costly, par-
ticularly with regard to travel expenditure [10,11], and design and sampling error rates
need to be considered when evaluating results. Such errors can emanate from various
sources, including omission of ecological considerations, inclusion of non-representative
sample locations, inadequate sample sizes, improper plot type selection, and/or poor
stratification [12-14]. Measurement errors can also be common during ground-based in-
ventory data collections [12,15], and can be made worse when multiple individuals, with
varying levels of experience, are involved in data collection. If not addressed, these data
challenges can manifest as failed audits or verifications, often slowing or halting project
timelines.

Current sample-based biomass, carbon stock, and carbon flux assessments differ
based on the desired spatial and temporal scales. The eddy covariance (EC) method
measures carbon fluxes through a network of flux towers that use a variety of sensors to
make measurements [16]. The estimated net ecosystem exchange is defined as the gains
and losses of carbon between soil, vegetation, and the atmosphere. These tower-based
measurements are limited both by the number of towers within a given forest and the
limited number of EC projects across representative biomes internationally. Another
quantification method relies on standard provincial, national, and international invento-
ries informed with sub-models and allometric relationships [17,18]. With increased insect
outbreaks and wildfires, forest stands are in danger of shifting from carbon sinks to
sources, resulting in potential inventory inaccuracies [19].

In recent years, advancements in light detection and ranging (LiDAR) technology
and processing have improved the accuracy of alternative forest inventory workflows,
some of which can produce near-census level products [20-22]. At the appropriate density
and specifications, LIDAR data provide the ability to quantify detailed attributes of indi-
vidual trees to accurately inform metrics such as height, count, diameter at breast height
(DBH), and, ultimately, tree wood volume [23-25]. Because wood volume strongly corre-
lates with stored carbon [26,27], LIDAR-based inventories may be a viable solution for
large-scale forest carbon quantification.

LiDAR is an umbrella term that encompasses numerous technologies, including ter-
restrial laser scanning (TLS), mobile laser scanning (MLS), and airborne laser scanning
(ALS) [28]. It is worth noting that some LiDAR technologies may be less suited to the
large-scale data collection that is typically required for forest carbon quantification and
monitoring projects. When considering factors such as time efficiency, cost-effectiveness,
and data quality, ALS generally supersedes TLS and MLS as the approach that best scales
detailed data collection for precise measurement of forest metrics, including those used to
quantify forest carbon [29,30]. In recent years, several studies have confirmed that cali-
brating ALS with field data further decreases systematic biases, resulting in more robust
and accurate outcomes [20-22,31,32].

Application of ALS across landscape scale geographies can result in significant re-
ductions in project cost and duration when compared with conventional sampling meth-
ods [29]. The rapid and consistent acquisition of data over extensive areas further provides
simultaneous measurement of additional non-timber forest resources, adding additional
value to project and research efforts [30,33]. Time-efficient ALS collections mitigate the
potential for temporal inconsistencies within data collections where field personnel ca-
pacity is limited by inaccessible, rugged, or hazardous terrain, ensuring robust coverage
under diverse conditions [34,35]. Similar to precision agriculture, the adoption of ALS
within forestry has begun with multiple organizations and landowners having to, or pre-
paring to, re-structure their inventory and accounting systems to incorporate ALS-based
products.
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Carbon registries are increasingly supporting the incorporation of remote sensing
data into forest carbon CDR project development, monitoring, and verification processes.
Early versions of registry methodologies included no requirements for the incorporation
of remote sensing data outside of its potential use for project boundary delineations
[36,37]. Conversely, the most recent versions of registry methodologies (at the time of this
publication) allow for the use of aerial or satellite imagery for baseline scenario determi-
nations [38] and land use analyses for project eligibility determinations [39]. While such
registry updates requiring remote sensing data analyses have focused on the use of satel-
lite imagery, the new VCS VM0047 ARR methodology allows for the incorporation of
ALS-derived canopy height models in dynamic performance benchmarking of planted
areas against off-site baseline control plots [40].

As remote sensing technologies continue accruing more interest and responsibility
in forest carbon initiatives, exploring the feasibility of ALS-based carbon quantification
solutions is a logical next step. Simultaneously, understanding the accuracy and precision
of biomass estimates from these solutions will be paramount in vetting their use in carbon
crediting protocols. A central concern is the degree of flexibility that is inherent within
existing protocols that promote selectively structuring projects to maximize profit, rather
than greenhouse gas (GHG) reduction benefits [3]. One way for project proponents to
avoid criticism may be to enhance transparency. The scalable, near-census nature of ALS-
based carbon inventories may prove advantageous in this regard. Specific problems such
as biasing carbon stock estimates by intentionally avoiding harvest of monitoring plots or
claiming underestimated levels of leakage could potentially be reduced to non-factors. In
the current protocols, 2+ year old management plans, a certification from an organization
such as the Forest Stewardship Council (FSC) or Sustainable Forestry Initiative (SFI), or
other documentation indicating reasonable harvest levels can be used by landowners to
demonstrate no activity leakage beyond de minimis [5,38]. Unfortunately, none of these
options provide hard evidence to inform true harvest levels. Complete coverage of repeat
ALS inventories across ownership, in addition to the project area, may prove superior by
transparently addressing the total change in carbon stocks to inform the actual harvest
levels. Additionally, when repeat ALS acquisitions are available prior to project establish-
ment, trends in biomass reductions due to harvest through time could easily be assessed
to establish or validate baseline scenarios. Another, perhaps more obvious, benefit of
multi-temporal ALS scans over the course of the project lifespan is the accurate quantifi-
cation of carbon sequestration resulting from tree growth. Additionally, integrating ALS-
derived data with other spatial information related to land use patterns, climatic trends,
and biodiversity indicators may provide a more holistic understanding of forest ecosys-
tems and offer deeper insights into the dynamics of carbon sequestration, leading to a
more nuanced assessment of potential risks. Given these potential benefits, along with the
growing demand for transparent, credible, and verifiable carbon crediting projects, it is
reasonable to explore ALS as a valid option for forest landowners and project proponents.
To do so, it is important to first evaluate how ALS-integrated methods compare with tra-
ditional carbon quantification approaches at the foundation of a forest carbon project—
measuring the carbon itself. Motivated by these considerations, this study takes a practical
approach to evaluating an existing ALS-based carbon quantification method and as-
sessing how it compares with traditional field-based approaches endorsed by carbon
credit registries in a diverse forested setting.
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2. Materials and Methods
2.1. Subsection

This study was conducted in the University of Idaho experimental forest (UIEF), lo-
cated in the Palouse Range, approximately 20 km northeast of Moscow, Idaho USA (Fig-
ure 1). The UIEF is a temperate mixed conifer forest with various species compositions
and age structures. Present tree species include Pseudotsuga menziesii (Mirb.) Franco var.
glauca (Beissn.) Franco (Douglas fir), Abies grandis (Douglas ex D. Don) Lindl. (grand fir),
Larix occidentalis Nutt. (western larch), Pinus ponderosa Dougl. ex Laws. (ponderosa pine),
Pinus contorta Douglas ex Louden (lodgepole pine), Thuja plicata Donn ex D. Don (western
redcedar), Pinus monticola var. minima Lemmon (western white pine), and Picea engel-
mannii var. glabra Goodman (Engelmann spruce). The UIEF is subject to active and ongo-
ing management aimed at achieving multiple objectives, including the sustainable pro-
duction of timber, the advancement of scientific research, and the facilitation of educa-
tional initiatives. Its substantial size and diverse forested landscapes made the UIEF an

ideal testing ground for the concepts and technologies evaluated in this study.
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Figure 1. ALS-derived 95th percentile tree height across the UIEF, located in the Palouse Range of
northern Idaho as indicated by the star symbol.

2.2. Traditional Field Data Collection

A traditional forest carbon inventory, compliant with standards set forth by ACR,
ARB, Verra, and the BioCarbon Fund [4,5,7,41], using human-measured ground samples,
was conducted for the study area in the summer of 2024. Prior to sampling, the study area
was delineated into the following four strata by using aspect and historical forest inven-
tory data: Douglas fir wet sites (DFW), Douglas fir dry sites (DFD), mixed conifer sites
(MXC), and recently harvested sites (CC). Sample sizes for each stratum were informed
by using the variability of existing plot data from previous inventories. Additionally,
1/10th acre fixed-radius sample plots containing a 1/100th acre nested regeneration plot
were placed, using a systematic grid with 450 m spacing. The first grid point was placed
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randomly, and as a result, all subsequent points in the grid were also considered to be
randomly placed. A 74.4 ft (2 plot radii) buffer was applied to strata boundaries and driv-
able roads within the study area. Plots within buffers were excluded from sampling to
minimize edge effects. In total, 127 plots were measured across the four strata, yielding an
overall sampling intensity of approximately 61 acres per plot (Table 1, Figure 2).

Table 1. Size and forest inventory plot count of the project strata.

Stratum Hectares Plot Count Tree Count
Harvested (CC) 635 22 88
Douglas fir dry (DFD) 211 9 183
Douglas fir wet (DFW) 700 32 928
Mixed conifer (MXC) 1571 64 1248
Total 3117 127 2447
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Figure 2. ALS flight lines in proximity to forest and soil sampling locations within the UIEF study

area.

Cruisers navigated to plot locations using Garmin GPSMAP 64sx (Garmin Interna-
tional, Inc., Olathe, KS USA) global positioning system (GPS) units. Once at the plot, Javad
Triumph 2 (Javad, San Jose, CA USA) GPS units were used to determine the plot center.
Plot centers were monumented by inserting a wooden stake into the ground, leaving four
to six inches of the stake visible above the surface. Additionally, two to three foot-long
orange ribbons were hung above (or as close as possible to) plot centers. Within each plot,
data were recorded for all living and dead trees with a diameter at 4.5 feet (DBH) greater
than or equal to one inch. Trees with a DBH greater than or equal to five inches were
recorded in the 10th acre plot, whereas trees with a DBH of less than five inches were
recorded in the nested 100th acre plot. Trees were measured in a clockwise fashion, be-
ginning with the closest tree to the plot center, approximately due north. Paint was used
to number the first tree at each plot, as well as an additional four trees in the cardinal
directions. Recorded attributes for each tree included species, DBH, total height, and
live/dead status. The location of DBH measurements were marked with white paint. Tools
used to obtain measurements included a standard logger’s tape and a Haglof laser (Haglof
Sweden, Langsele, Sweden). Following completion of the inventory, the data were used
to quantify forest carbon stocks.
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2.3. ALS Data Collection and Preprocessing

ALS data were acquired in July 2024, using a RIEGL VQ-15601I sensor [42] (RIEGL,
Horn, Austria) mounted on a fixed-wing aircraft fitted with a Gyro Stabilization Mount
[43] (SOMAG AG Jena, Jena, Germany). The aircraft maintained an altitude between 2000
and 2500 m above ground level, with flight lines flown in alternating orientations and a
50% overlap, relative to the sensor’s 58° field of view (Figure 2). Strata-level scan densities
ranged from 33.2 to 36.7 pulses per square meter (PPM), with an overall average of ap-
proximately 36 PPM (Table 2).

Table 2. Average pulse densities for project strata.

Stratum Average Pulse Density (PPM)
CC 35.0
DFD 33.3
DFW 36.7
MXC 34.9

Opver the forested area, an average pulse return rate of four was achieved (Figure 3).
ALS returns were preprocessed to normalize laser intensity within the RIEGL RiPROCESS
1.9.4 software [44] (RIEGL, Horn, Austria) and classified to bare earth, vegetation, water,
buildings, and noise, before being tiled into 500 m?. LAZ file-type tiles by the LiDAR ac-
quisition company were delivered to our team for processing.

Figure 3. LiDAR returns for a heavily forested subset of the UIEF study area.

2.4. ALS Individual Tree Detection and Measurement

The ForestView® LiDAR processing pipeline developed by Northwest Management
Incorporated was applied to ALS. LAZ files to detect individual tree objects and populate
their metrics. The system first creates a digital elevation model (DEM) and digital surface
model (DSM) directly from the ALS point cloud, both at 0.3 m resolution. These layers are
then used to derive a canopy height model (CHM). Iterations of different algorithms (wa-
tershed, local maxima, etc.) [45,46] are then used to detect high points in the CHM, which
are assumed to correspond with apices of tree objects. Such algorithms are proven to be
well suited for identifying pyramidal or columnar coniferous crowns [22]. The location of
each tree object is recorded as an XY coordinate and the corresponding CHM height value
is assigned to the tree as the total tree height. From there, a comprehensive suite of more
than 100 descriptive metrics is extracted and/or derived for each detected tree object.

https://doi.org/10.3390/rs18040547
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These metrics characterize multiple dimensions of the forest environment, including Li-
DAR-based structural properties of the segment (e.g., crown structure, crown volume,
and crown area), local topography, canopy cover, climatic variables such as temperature
and precipitation, and soil quality and related edaphic characteristics. A feature selection
process is then applied to identify the most informative subset of metrics for modeling
key tree attributes that are relevant to carbon quantification: primarily diameter at breast
height (DBH), species, and live/dead status. The resulting predictor sets can be attribute-
specific, such that the metrics selected to predict species can differ from those used to
model tree status, for example. Additionally, the optimal predictors for a given modeled
attribute can vary across geographic or regional contexts due to spatial heterogeneity in
forest structure and environmental conditions. With predictor sets defined, preliminary
predictions are generated using a range of modeling approaches, including parametric
methods such as linear regression and nonparametric approaches, primarily machine
learning models. Cross validation is heavily used during the modeling process to deter-
mine the best model fit. Bias correction, calibration, and validation are then performed
using an internal database of locally stem-mapped trees with corresponding field meas-
urements and ALS-derived observations, ensuring consistency between remotely sensed
estimates and ground-based data. Additional details on ForestView® processing, outputs,
and performance in various forested conditions are reported in [20-22].

2.5. Traditional Tree Carbon Quantification

Because registry methodologies often differ in acceptable biomass calculation meth-
odologies, two different published biomass approaches—Jenkins et al., 2003 [47] (Jenkins)
and Woodall et al., 2011 [48] (Woodall) —were applied to the completed field inventory to
derive gross estimates of above-ground tree biomass in kilograms for each measured tree
in the study area. These methodologies are cited for use in forest carbon projects: specifi-
cally, Jenkins for ACR and both Jenkins and Woodall for VCS [38,49]. Required tree inputs
for the Jenkins equations were species and DBH, whereas species, DBH, and total tree
height were needed for the Woodall equations because the cubic foot volume is used to
calculate bole biomass. The Jenkins equation for total above-ground tree biomass is shown
below:

bm = Exp(By + B, InDBH) (1)

where bm is the total above-ground biomass (kg) for trees with a diameter equal to or
greater than 2.5 cm at breast height, Exp is the exponential function, §, and f§; are the
species group-specific coefficients in [47], In is the natural log base “e” (2.718282), and
DBH is the diameter (cm) at breast height. To generate Woodall-derived estimates of
above-ground tree biomass, Equations 1-10 in [48] were used (Appendix A). Stump oven
dry biomass from [50] and sapling adjustment factors from [51] were included as inputs.
All estimates of below-ground tree biomass were calculated using the component ratio
method (CRM) that relies on equations developed by Jenkins and others [47]. All biomass
equations, including CRM equations, are listed in Appendix A. Above and below-ground
estimates were summed for each tree to produce the total tree estimates. The total tree
estimates were then multiplied by the inverse of their corresponding plot size (10 for trees
in the main plot and 100 for trees in the nested sub plot) to yield biomass per acre repre-
sented by each individual tree. Main and subplot biomass per acre values were then
summed to a single plot-level biomass per acre estimate. The mean biomass per acre value
across plots within each stratum was then multiplied by respective stratum acreage to
calculate the total gross biomass for each stratum. To convert biomass to carbon, kilo-
grams to metric tons, and carbon to COze, gross stratum biomass estimates were multi-
plied by 0.5, divided by 1000, and multiplied by 3.664, respectively. Stratum MTCO:ze
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estimates were then summed to calculate the study area total. In addition, 80 percent con-
fidence intervals were calculated at the strata and project levels using the following:
_ s
Cl=x+t (ﬁ) )
where CI is the confidence interval, Xis the sample mean, ¢ is the critical value of a t-dis-
tribution, s is the sample standard deviation, and 7 is the number of sample plots.

2.6. ALS-Based Tree Carbon Quantification

The same above and below-ground biomass estimation methodologies [47,48] were
applied to each tree in the ALS-informed inventory, using ForestView®-generated tree
metrics such as height, diameter, and species to calculate gross estimates of total tree bio-
mass in kilograms. Stratum level estimates of gross biomass were calculated by summing
gross tree biomass estimates within each stratum. To convert biomass to carbon, kilo-
grams to metric tons, and carbon to COze, gross stratum biomass estimates were multi-
plied by 0.5, divided by 1000, and multiplied by 3.664, respectively. Stratum MTCO:ze es-
timates were then summed to calculate the total study area estimate.

2.7. Soil Organic Carbon (SOC)

To determine SOC stocks, 132 soil cores were extracted throughout the project area
consisting of 88 0-30 cm depth sample locations and 44 m core sample locations (Figure
2); samples were split into 0-15, 15-30, 3060, and 60-100 cm layers. All samples for car-
bon and bulk density analysis were packaged and shipped to Trace Genomics for analysis
and quantification. Two additional meter cores were collected for carbon dating analysis
to address soil carbon sequestration rates over time. These samples were shipped to Beta
Analytics for analysis. Soil organic carbon stock densities were calculated at each sample
site, using the following;:

S0C; = C; * h; * p; 3)

where SOCi is the estimated soil carbon per area for depth layer i, Ci is the soil organic
carbon concentration, fi is the length of the depth layer, and pi is the fine mass (course
fragments removed) soil bulk density. Stocks were summed by depth layer at the project
level and for each stratum, then divided by the corresponding number of samples to ob-
tain mean estimates. Additionally, margins of error at 90% confidence were calculated.

2.8. Comparison of Estimates

Strata and project level estimates of MTCOze derived using traditional field samples
and those derived using the ALS-informed digital inventory were evaluated against each
other for statistical similarity. For comparison purposes, methods similar to those pub-
lished by Kondratev et al., 2025, were used, in which the mean estimate of the LiDAR-
informed quantification was treated as the population mean [52]. Estimates from the two
approaches were deemed to be not statistically different where the mean LiDAR-informed
estimate was contained within the upper and lower bounds of the 80 percent confidence
interval around the traditional sample-based mean estimate. Conversely, approaches
were considered to be statistically different when the mean LiDAR-informed estimate was
above or below the range designated by the 80 percent confidence interval around the
traditional sample-based mean estimate.

https://doi.org/10.3390/rs18040547
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3. Results
3.1. Carbon Quantification Results

In most cases, ALS-derived estimates were lower than those obtained from the tradi-
tional cruise, with some exceptions observed in the dead wood pool and CC stratum (Ta-
bles 3 and 4). As anticipated, the CC stratum contributed the lowest amount of carbon,
regardless of the sampling method or biomass equation, due to the lack of trees in these
areas. The MXC stratum, which was the largest in terms of geographical area, contributed
the highest carbon estimates, regardless of the sampling method or biomass equation
used. For the Jenkins biomass equation, ALS and traditional cruise estimates for the MXC
stratum were 538,834 and 600,335 MTCO:ze, respectively (Table 3). When applying the
Woodall equations, the ALS and traditional cruise estimates were nearly identical, at
471,531 and 472,538 MTCO:ze, respectively (Table 4).

Table 3. ALS and field sample-derived estimates of MTCOze using the Jenkins [47] biomass equa-
tions to calculate above-ground tree biomass. Here, 80% confidence intervals around the mean sam-

ple-based estimates are provided, as well as the determination of statistical equivalence.

ALS Traditional Cruise Equivalent
Strata Pool Mean Esti- Mean Esti- 80% CI  80% CI Up- Y/N
mate mate Lower per
Live Tree 54,714 29,590 18,149 41,030 N
cC Dead Tree 1923 2950 (150) 6050 Y
Total 56,638 32,540 21,097 43,983 N
Live Tree 91,106 106,642 80,338 132,946 Y
DFD Dead Tree 2491 6167 1314 11,020 Y
Total 93,596 112,809 87,800 137,819 Y
Live Tree 233,815 350,557 296,927 404,186 N
DEW Dead Tree 6171 23,514 16,735 30,292 N
Total 239,986 374,070 319,293 428,848 N
Live Tree 524,866 554,356 479,714 628,999 Y
MXC Dead Tree 13,967 45,979 33,788 58,169 N
Total 538,834 600,335 521,630 679,040 Y
1 . . Live Tree 904,501 1,041,144 946,226 1,136,063 N
TOtZir;’]ec‘ Dead Tree 24552 78,610 63,755 93,465 N
Total 929,054 1,119,754 1,021,317 1,218,192 N

Table 4. ALS and field sample-derived estimates of MTCOze using the Woodall [48]biomass equa-
tions to calculate above-ground tree biomass. Here, 80% confidence intervals around the mean sam-

ple-based estimates are provided, as well as the determination of statistical equivalence.

ALS Traditional Cruise Equivalent
Strata Pool Mean Esti- Mean Esti-  80% CI ~ 80% CI Up- Y/N
mate mate Lower per
Live Tree 42,631 22,042 11,860 32,224 N
CcC Dead Tree 2036 1135 94 2,176 Y
Total 44,667 23,177 13,080 33,273 N
Live Tree 81,036 93,588 67,261 119,915 Y
DFD Dead Tree 2871 2861 760 4962 Y
Total 83,906 96,449 70,797 122,101 Y
Live Tree 202,907 322,245 268,725 375,764 N
DFW Dead Tree 7017 18,194 12,450 23,937 N
Total 209,923 340,438 286,177 394,700 N
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Live Tree 456,133 443,315 380,182 506,443 Y
MXC  Dead Tree 15398 29223 20982 37,464 N
Total 471531 472,538 404859 540217 Y

 LiveTree 782,706 881189 795141 967,237 N
TOti:aO]e“ Dead Tree 27,322 51413 41,219 61,606 N
Total 810,027 932,602 842,944 1,022,260 N

The most significant difference between ALS and traditional cruise estimates was ob-
served in the clearcut (CC) stratum. In this stratum, ALS estimates using the Jenkins and
Woodall equations were 74% and 93% higher, respectively, compared to the traditional
cruise estimates. For the remaining strata, percent differences were considerably smaller.
These ranged from nearly 10% for the MXC stratum to 36% for the DFW stratum when
using the Jenkins equation, and from 0% for the MXC stratum to 38% for the DFW stratum
when applying the Woodall equations.

The most notable difference between the two biomass equations was observed in the
CC stratum for the traditional cruise method, where the Jenkins estimate was approxi-
mately 40% higher than the Woodall estimate.

At the strata level, there was never an instance where ALS and traditional cruise es-
timates were deemed to be similar when using one biomass equation over the other (Fig-
ure 4). However, across all strata, the Woodall estimates were consistently lower than the
Jenkins estimates.
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Figure 4. Jenkins and Woodall ALS estimates in relation to field cruise means and 80 percent confi-
dence intervals for CC (A), DFD (B), DFW (C), and MXC (D) strata.

Significant differences were also observed between the biomass equations in terms
of dead wood carbon (Figure 5). For every stratum, as well as at the project level, the Jen-
kins ALS dead wood estimates were lower than the Woodall ALS values; however, the
Jenkins cruised dead tree estimates were consistently higher than the Woodall values,

https://doi.org/10.3390/rs18040547



Remote Sens. 2026, 18, 547

12 of 24

similarly to the pattern seen for live tree carbon. The largest percent difference in dead
wood estimates between the two equations occurred in the CC stratum for the traditional
cruise, where the Jenkins estimate of 2950 MTCOze was 2.6 times greater than the Woodall
value of 1135 MTCO:ze. In absolute terms, the largest difference in dead wood carbon was
approximately 16,756 MTCOze and was observed for the MXC stratum of the traditional

cruise.

Dl Tress HIG Gyl

Figure 5. Cruised and ALS-derived dead tree carbon estimates for Jenkins and Woodall biomass

approaches.

When comparing the ALS estimates to the traditional cruise estimates at the project
level, the observed percent difference was 17.0% with the Jenkins biomass equation and
13.1% with the Woodall equation. Additionally, the percent differences between the Jen-
kins- and Woodall-derived estimates for each quantification approach (ALS and tradi-
tional cruise) were 12.8% and 16.7%, respectively.

Density distributions of ALS-estimated MTCOze per hectare revealed substantial
within-stratum variability across all strata (Figure 6). Although all distributions were
right-skewed, those for the DFD and MXC strata more closely approximated normality
compared to the other strata. Estimates derived using the Jenkins and Woodall biomass
equations were strongly correlated, with Jenkins consistently producing higher MTCO:ze
values than Woodall, mirroring the patterns reported in Tables 3 and 4. The CC stratum
exhibited a pronounced bimodal distribution, with one mode at approximately 15-19
MTCO:ze per hectare and a second, higher mode at approximately 120 MTCO:ze per hectare
for Woodall estimates and 160 MTCO:ze per hectare for Jenkins estimates. In contrast, for
the DFW stratum, the cruise-based mean estimates were noticeably higher than the ma-
jority of ALS-derived estimates. For the DFD and MXC strata, the cruise means aligned
closely with the dominant modes of the ALS-derived distributions, irrespective of the bi-
omass equation applied.
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Figure 6. Density distributions of ALS-derived MTCOze estimates for both Jenkins and Woodall
approaches across the entire study area in relation to field cruise means for CC (A), DFD (B), DFW

(C), and MXC (D) strata.

Comparisons between density distributions of MTCOze per hectare derived from
field-measured plots and those estimated from ALS indicated greater volatility in the
field-based distributions, which frequently exhibited two or three distinct modes (Figures
7 and 8). As observed previously, estimates derived from the Jenkins and Woodall bio-
mass equations were strongly correlated and displayed similar stratum-specific patterns.
For most strata, with the exception of CC, the range of MTCO:ze per hectare was larger for
field plots than for ALS-derived estimates, indicating that some field plots contained
higher levels of stored carbon than those detected by the ALS-based inventory.
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Figure 7. Density distributions of field plot estimates of MTCOze per hectare, relative to the ALS
estimates for CC (A), DFD (B), DFW (C), and MXC (D) strata, using the Jenkins biomass equations.
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Figure 8. Density distributions of field plot estimates of MTCOze per hectare, relative to the ALS
estimates for CC (A), DFD (B), DFW (C), and MXC (D), strata using the Woodall biomass equations.

3.2. SOC Results

Four soil samples were removed as outliers, leaving 128 soil cores across the four
strata. Strata level soil organic carbon results for the 0-30 cm depth layer are shown in
Table 5. At the project level, results were 29.1 +/- 1.6 tons/acre or 65.3 +/- 3.6 Mg/ha for the
0-30 cm layer. For the 0-100 cm layer, the project level mean was 10.8 +/- 1.3 tons/acre or
24.2 +/- 3.0 MG/ha.

Table 5. Per strata estimates of the 0-30 cm soil organic carbon stock densities.

Margin of Error at

Strata Mean (Mg/ha) 90% Confidence Site Count
CC 61.5 5.7 25
DFD 56.4 12.2 9
DFW 66.8 7.5 30
MXC 67.3 5.7 64

3.3. Carbon Dating Results

Results from the carbon dating of two meter cores is shown in Table 6. The carbon
dating was performed by the Beta Analytics lab [53]. The results are provided in the two
columns: the “Conventional Age” is the conventional radiocarbon age and the “Calendar
Calibration” is the result of applying the “High-Probability Density Range Method” or
HPD [54] for conversion to calendar year equivalents, with the likelihood in parentheses.
The analysis of recent material is challenging due to atomic bomb testing and the preva-
lence of carbon formed post-1950. This newer carbon is measured in “percent modern
carbon” (pMC) units. Carbon dating site 1 is located at (46.84123, —116.78015) and site 2 is
located at (46.78402, -116.79714).

The depth variation age of the two cores is somewhat similar, with the exception of
the 15-30 cm layer. It appears that this layer at site 1 is older (pre 1950) material, whereas
the material in this depth at site 2 is modern. It is possible this is a result of differences in
soil disturbance and other management differences at the two sites. Both sites were har-
vested around 2000; however, site 1 was reforested and is currently treed, whereas site 2
has remained in a cleared state.
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Carbon stock density measurements showed that, on average, the 0-30 cm layer con-
tains approximately 30 tons/acre soil organic carbon and the 30-100 cm layer of approxi-
mately 10 tons/acre. The differences in the 0-30 cm layer noted above indicate the need
for better understanding of the above-ground site history and its impact on the formation
of below-ground carbon. However, on average, most of the soil carbon appears to have
formed within the last ~70 years. With this rough assumption, we estimate a nominal rate
of soil carbon accumulation of 0.4 tons/acre/year for the 0-30 cm layer.

Table 6. Conventional age and calendar calibration by depth layer for meter cores at sites 1 and 2.

Depth Conventional

Site Layer (cm) Age Calendar Calibration
1 0-15 102'271\2/& 038 (83.3%) 2013-2018 cal AD; (12.2%) 1955-1956 cal AD
1 15-30 490 E/— 30 BP (95.4%) 1404-1452 cal AD
1 30-60 1820 +/- 30 BP (69.3%) 152-256 cal AD; (22.2%) 284-326 cal AD;

(4%) 130-144 cal AD
(28.2%) 4136-4054 cal BC; (24.5%) 4268-4216 cal BC;
(24.1%) 4206-4159 cal BC; (18.6%) 4328-4286 cal BC

1 60-100 5360 +/- 30 BP

102.78 +/- 0.38

2 0-15 DMC (81.7%) 2012-2016 cal AD; (13.7%) 1955-1956 cal AD
100.50 +/- 0.

2 15-30 00 5}3\;2 038 48 7%) 1954-1955 cal AD; (45.9%) 2018-2019 cal AD

2 30-60  660+/-30BP  (48.4%) 1278-1325 cal AD; (47%) 1352-1394 cal AD

N

60-100 3640 +/-30 BP  (76.4%) 2059-1919 cal BC; (18%) 2135-2082 cal BC

4. Discussion

In this study, we demonstrated that ALS-derived carbon quantifications can be suc-
cessfully executed, provided that the appropriate data inputs and processing capabilities
are in place. This is significant, as many landowners and project proponents already have
access to ALS data for their forested lands, which could be leveraged for carbon crediting
projects. With the growing trend of utilizing ALS for standard forest inventories and the
recent allowance of LiDAR-derived parameters in some carbon registry methodologies
[40,55], it was logical to evaluate its capabilities for carbon inventories. ALS technology
offers a high level of precision and efficiency in capturing the forest structure, making it
an ideal tool for large-scale carbon assessments. This is emphasized for projects in remote
areas with access limitations. By validating its potential for carbon quantification, this re-
search helps to unlock new opportunities for landowners to participate in carbon credit
markets and supports the broader transition toward more advanced, scalable methods in
forest inventory and management. However, along with opportunities come new chal-
lenges. The most prominent challenge currently facing the integration of near-census ALS-
workflows in modern forest management carbon crediting projects is the requirement of
traditional, plot-based sampling for forest carbon quantification. The current approved
IFM and ARR methodologies require periodic monitoring of permanent sample plots
within the project area, combined with verification of calculated carbon sequestration
through a certified third-party verification and validation body (VVB). Because ALS meth-
ods like ForestView® create wall-to-wall robust samples derived using complex algo-
rithms and workflows, the measurement schematic is closer to a complete census than a
traditional sample-based inventory. Currently, census inventories are not included as op-
tions for IFM methodologies [38,49] and are only allowed for forests that are smaller than
1 hectare in size for the VCS ARR methodology VM0047 [40]. Near-census level inventory
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alternatives, such as those derived from ALS, are largely unexplored in their applicability
to carbon credit markets and will require future research.

In addition to its applicability for inventories of mature forests, like those common
within our study area that would likely fall within the scope of IFM projects or theoretical
late-stage ARR projects, ALS has been found to be effective for inventories of young trees,
especially when grown in open, plantation-like environments [56]. The applicability of
ALS inventories across both mature and early-stage forests indicates a potential for the
incorporation of ALS data across all stages of IFM and ARR CDR projects, though more
research is required.

Rather than determining which sampling method was more accurate, this study
aimed to assess the similarities and differences in carbon estimates between ALS-derived
and traditional carbon quantifications. Comparing ALS estimates to the 80% confidence
intervals around the traditional sampling estimates, similar to the approach taken by Kon-
dratev et al., 2025, proved to be a straightforward way to determine equivalence for this
particular application [52]. This approach may provide a valuable framework for future
research aimed at comparing sample-based methods with more robust, near-population
datasets, offering insights into where the methods align and where discrepancies exist.
We acknowledge the fact that the uncertainty in ALS estimates was not computed and
used in this analysis. To date, challenges to quantifying the overall error associated with
census-like estimates which are the product of large and highly complex modeling chains
like ForestView?® exist. The ability to quantify such error would likely allow for additional
statistical testing, providing further clarity on how these methods compare.

Regardless of the biomass equation used, we found the percent difference between
the ALS and traditional quantification to be less than or equal to 17% at the project level.
Our findings showed that some ALS and traditional cruise estimates were similar at the
carbon pool and strata levels, while others differed. For example, in the CC stratum, ALS
detected pockets of residual trees that were missed in the traditional inventory due to the
random nature of plot placement, leading to higher ALS values (Figure 9).

Figure 9. Field measured plot locations (green circles) in proximity to ALS-estimated MTCOze

within portions of the CC stratum (yellow polygons). Darker pixels indicate lower MTCOze per

hectare, whereas lighter colors represent higher MTCO:ze per hectare.
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In light of this, traditional carbon inventories with lower sampling intensities can run
the risk of misrepresenting the true variance in carbon stocks. In addition to the CC stra-
tum, the multimodal density distributions of plot-level MTCO:ze per hectare in the DFD
stratum also indicate high variation and volatility resulting from the small sample size of
only nine plots (Figures 7 and 8). For certain project types—such as facilitated regenera-
tion, in which a uniform grid-based planting system is not the starting condition—this
could be an important distinction. This sampling bias should be a crucial consideration
any time a traditional sample-based inventory is applied to a highly heterogeneous land-
scape, especially if only a subset of plots, or even newly established plots, will be used for
project verification purposes. ALS inventories that capture a more accurate representation
of true forest conditions in such scenarios are likely more adverse to sampling error.

Differences in dead tree carbon estimates were also common across methods. ALS
generally underestimated dead tree carbon relative to the sample-based inventory for all
strata. The only exceptions occurred in the CC and DFD strata, where ALS estimates were
higher than the traditional inventory when using the Woodall equations. Estimates de-
rived from the Woodall equations align more closely with expectations, as more dead
wood should be visible to ALS in more open conditions, such as recently harvested areas
or lower-density stands (CC and DFD strata). Conversely, the under-prediction of dead
wood in the DFW and MXC strata is consistent with known ALS limitations; subcanopy
trees—including suppressed, dying, and dead trees—can be difficult to detect with ALS,
especially when using top-down watershed or local maxima algorithms like those within
ForestView®. While effective at delineating dominant and codominant stems, especially
those with conical or pyramidal crown architectures, these algorithms are inherently con-
strained in their ability to detect understory trees beneath overstory canopies. Therefore,
lower estimates relative to the sample-based inventory are unsurprising. From this per-
spective, traditional field-based inventories may currently have an advantage, given the
existing technologies. For ALS-based approaches, applying an adjustment factor or bias
correction could help address the likely underestimation of dead tree carbon. These find-
ings and limitations should be carefully considered when estimates of dead tree carbon
are required.

Although not always significant, a similar pattern of underestimation was observed
for live tree carbon in DFD, DEW, and MXC strata. Other studies have proven the accuracy
of ALS to identify trees that contribute a large majority of the wood volume [20,21], and
therefore carbon, so it is logical to consider the possibility of a significant overestimation
of live tree carbon in the DFW strata on behalf of the traditional inventory when consid-
ering the random placement of 32 plots across 1730 acres again. Despite these differences,
we found that the live tree carbon and total carbon estimates were statistically similar for
the MXC strata, which accounted for half of the study area and contributed a majority of
the tree carbon. This suggests that while carbon estimates may be slightly different when
using an ALS inventory compared to a traditional one, the overall differences are not sub-
stantial enough to discount ALS as a viable method for carbon assessment. Given that
carbon credit generation depends on tracking carbon flux throughout a project’s lifetime,
the ability of a method to consistently quantify carbon and realistically capture stock
changes—such as those from growth, harvest, and other dynamics—may be more im-
portant than ensuring that new workflows produce results that are equivalent to historic
ones. The highly repeatable and wall-to-wall nature of ALS workflows may therefore be
particularly advantageous from this perspective.

The selection of a biomass equation is largely governed by the specific carbon credit-
ing protocol of interest. The equations analyzed in this study are widely used for biomass
estimation and are fairly common in many modern carbon credit registry protocols
[5,38,40]. A key takeaway from the study results is the significant difference in the

https://doi.org/10.3390/rs18040547



Remote Sens. 2026, 18, 547

18 of 24

estimates derived from the Jenkins and Woodall equations. At the project level, the per-
cent differences between ALS and the traditional cruise were 17.0% and 13.1%, respec-
tively, when applying the Jenkins and Woodall biomass equations. Notably, the Woodall
methodology involves the calculation of the stem volume, which requires the additional
input of tree height compared to the single input of DBH in the Jenkins equation; this
likely contributed to the observed differences in the final values. This could be crucial if
or when an opportunity exists to re-establish project baselines by replacing traditional
sampling methods with ALS-based quantification approaches. Although the discrepan-
cies between ALS and traditional estimates were smaller with the Woodall equations, the
estimates remained consistently lower than those produced by Jenkins. Within each quan-
tification methodology (ALS and traditional cruise), the Woodall estimates were 12.8%
and 16.7% lower than the Jenkins estimates, respectively. These findings highlight the
generalizations that are inherent in commonly used biomass equations and reinforce the
concerns raised by Haya et al. regarding the reliability of some current biomass estimation
methods. The choice between these equations significantly impacts the final estimates, but
the effect may be less pronounced when focusing on carbon flux—i.e., the difference in
estimated carbon stocks between multiple quantifications. Future research aimed at un-
derstanding the broader implications of biomass equation selection would be a valuable
contribution to the field.

While this study primarily focused on comparing tree carbon quantified using tradi-
tional and ALS sampling methods, the inclusion of SOC and carbon dating data provided
valuable insights into the durability of forest carbon pools extending beyond tree carbon
stocks. Many current IFM protocols consider the SOC flux to be minimal, and as a result,
this carbon pool is often excluded from these types of projects, with some exceptions.
However, other project types, such as ARR, allow for SOC quantification [6,36,40]. Given
our ability to collect this data, we sought to explore the potential contribution of SOC to
the total carbon stocks. The SOC estimates presented in this study were significant in re-
lation to the overall carbon stored within the project area, but they provide limited insight
into potential changes in SOC over time, particularly in the context of baseline and project
scenarios.

5. Conclusions

This study compared a modern ALS-based inventory approach to a traditional field-
based method to assess differences in carbon quantification estimates, the magnitude of
those differences, and whether the choice of biomass equation (Jenkins versus Woodall)
meaningfully influenced the total quantification estimates. While ALS and traditional
methodologies were consistent for the largest and most carbon-rich stratum (MXC), re-
gardless of the applied biomass equation, differences were observed in carbon pools and
other strata that inform the considerations users may have for each approach. ALS can
underestimate biomass in closed canopy stands with many suppressed or intermediate
trees or where substantial standing tree mortality is present. However, ALS demonstrated
comparable or superior performance relative to traditional methods across multiple forest
conditions, capturing a greater degree of landscape heterogeneity. Traditional inventories
can reliably account for sub-canopy suppressed and intermediate trees at the plot level;
however, these methods depend on scaling data to non-sampled areas, potentially intro-
ducing significant uncertainty and variance when extrapolated across large areas.

Overall, the results of this study suggest that ALS workflows can produce carbon
pool estimates that are comparable to those of traditional inventories, as shown by the
MXC stratum and several others. This study further shows that variance in carbon pool
estimates can exist when different methods are applied and when various forested condi-
tions are present—especially more open, less dense forests—where ALS-based methods
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offer some clear advantages. These findings suggest that ALS-based methods can add
value to large-scale carbon quantification calculations across extensive landscapes and
have the potential to play a significant role in the future of carbon crediting systems. This
does not discount the limitations of ALS in dense forest conditions, and perhaps a hybrid
approach that incorporates traditional sampling with ALS collections may be preferable
for some forested landscapes. Additionally, the carbon registry methodologies and impli-
cations of third-party verification remain key hurdles for broader ALS adoption in carbon
crediting protocols.

The inclusion of the soil organic carbon (SOC) pool in this study provided a more
comprehensive understanding of the total carbon present and its durability, which is es-
sential for some project types. Combining advanced remote sensing and SOC pools with
established forest management protocols offers the opportunity to refine and strengthen
the framework available to carbon credit projects, ensuring they are scalable, accurate,
and aligned with evolving industry standards.

Beyond current applications, ALS is likely to offer immediate benefits to the practices
of forest certification, corporate greenhouse gas accounting, and the validation of standing
carbon stocks, which can aid in forest management and land acquisition decisions. Look-
ing ahead, additional research efforts should focus on ALS-derived uncertainty in LIDAR-
based carbon calculations, on emerging remote sensing technologies, and on the refine-
ment of biomass equations, all of which may lead to improvements in the accuracy and
precision of carbon quantification efforts.
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Abbreviations

The following abbreviations are used in this manuscript:

ALS Airborne laser scanning
LiDAR Light detection and ranging
50C Soil organic carbon

CDR Carbon dioxide removal

IFM Improved forest management
ARB California Air Resources Board
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ACR American Carbon Registry
VCS Verified Carbon Standard
ARR Afforestation, reforestation and revegetation
CO2 Carbon dioxide
BiCRS Biomass carbon removal and storage
EC Eddy covariance
GHG Greenhouse Gas
DBH Diameter at breast height
TLS Terrestrial laser scanning
MLS Mobile laser scanning
SFI Sustainable Forestry Initiative
FSC Forest Stewardship Council
UIEF University of Idaho Experimental Forest
DFW Douglas fir wet stratum
DFD Douglas fir dry stratum
MXC Mixed conifer stratum
CC Clearcut (harvested) stratum
GPS Global positioning system
PPM Pulses per square meter
DEM Digital elevation model
DSM Digital surface model
CHM Canopy height model
CRM Component ratio method
MTCOz2e Metric ton of carbon dioxide equivalent
HPD High-probability density range method
pMC Percent modern carbon
Appendix A
Appendix A.1. Jenkins et al., 2003, [47] Biomass Equations
Total above-ground biomass:
bm = Exp(By + B,InDBH) (A1)

where bm is the total above-ground biomass (kg) for trees with a diameter equal to or
greater than 2.5 cm at breast height, Exp is the exponential function, gy and f; are spe-
cies group-specific coefficients from [47], In is the natural log base “e” (2.718282), and DBH
is the diameter (cm) at breast height.
Component biomass:
. B1
ratio = Exp (ﬁo + m)

(A2)
where ratio is the ratio of component to total above-ground biomass (dry weight) for trees
2.5 cm DBH and larger, Exp is the exponential function, B, and f; are species class- and
biomass component-specific coefficients from [47], and DBH is the diameter at breast

height in centimeters.

Appendix A.2. Woodall et al., 2011, [48] Biomass Equations
Bole wood biomass (Equation (A3)):

Bodw = Vgw * SGgw = W (A3)

where Bodw is the oven-dry biomass (Ib) of wood, Vgw is the VOLCFSND (sound cubic
foot volume) of green wood in the central stem, SGgw is the basic specific gravity of wood
(oven-dry mass of green volume), and W is the weight of one cubic foot (ft?) of water (62.4
1b).

Bark Biomass (Equation (A4)):
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Bodb = Vgw * BV% * SGgb + W (A4)

where Bodb is the oven-dry biomass (Ib) of bark, Vgw is the VOLCESND (sound cubic foot
volume) of green wood in the central stem, BV% is bark as a percentage of wood volume,
SGgb is the basic specific gravity of bark (oven-dry mass of green volume), and W is the
weight of one cubic foot (ft3) of water (62.4 1b).

Total Bole (Bole and Bark) Biomass (Equation (A5)):

Bodt = Bodw + Bodb (A5)

where Bodw is the oven-dry biomass (Ib) of wood (Equation (A3)), Bodb is the oven-dry
biomass (Ib) of bark (Equation (A4)), and Bodt is the total oven-dry bole biomass (Ib) in
wood and bark.

CRM Adjustment Factor (Equation (A6)):

CRMAdjFac = Bodt/MST (A6)

where CRMAdjFac is the component ratio method adjustment factor for tree components
derived from [47] and [50], Bodt is the total oven-dry biomass (Ib) (Equation (A5)), and
MST is the merchantable oven-dry bole biomass (Ib) [57].

Stump Volume (Equation (A7)):

n(DBH)? ) 30.25 Z)]”
s = — | (A - - -2 A7
Sunchorsish = 47425 (4-Brr+11BUA-B G+ =B @)

where Svosb or vish is the stump volume inside bark (visb) or outside bark (vosb) (ft3), A is a
coefficient (species parameter) from [50], B is a coefficient (species parameter) from [50], h
is the height above ground (ft), In is the natural logarithm, a is the lower stump height
(ft)—O0 ft in FIADB, and b is the upper stump height (ft)—1 ft in FIADB.

Stump Wood Biomass (Equation (AS8)):

Sodsw = Svisb » SGgw * W (A8)

where Sodsw is the oven-dry biomass (Ib) of stump wood, Svisb is the stump volume inside
the bark (Equation (A7)), SGgb is the basic specific gravity of wood (oven-dry mass of
green volume), and W is the weight of one cubic foot (ft?) of water (62.4 1b).

Stump Bark Biomass (Equation (A9)):

Sodsb = (Svosb — Svisb)SGgb » W (A9)

where Sodsb is the oven-dry biomass (Ib) of stump bark, Svosb is the volume (ft?) of stump
outside the bark (Equation (A7)), Svisb = volume (ft%) of stump inside the bark (Equation
(A7)), SGgb is the basic specific gravity of bark (oven-dry mass of green volume), and W
is the weight of one cubic foot (ft%) of water (62.4 Ib).

Total Stump (Wood and Bark) Biomass (Equation (A10)):

Sodt = (Sodsw + Sodsb)CRMAdjFac (A10)

where Sodt is the oven-dry stump biomass (Ib), Bodw is the oven-dry biomass (Ib) of wood
(Equation (AS8)), Bodb is the oven-dry biomass (Ib) of bark (Equation (A9)), and CRMAdjFac
is the component ratio method adjustment factor (Equation (A6)).

Top and Branch Biomass (Equation (A11)):

Todt = (TAB — MST — STP — FOL)CRMAdjFac (A11)

where Todt is the oven-dry biomass (Ib) of top and branches, TAB is the total above-
ground oven-dry biomass (Ib) [47], MST = merchantable stem oven-dry biomass (Ib) [47],
STP is the stump oven-dry biomass (Ib) [50], FOL is the foliage oven-dry biomass (Ib) [47],
and CRMAdjFac is the component ratio method adjustment factor (Equation (A6)).
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Sapling Biomass (Equation (A12)):
Sapodt = (TAB — FOL)Sapadj (A12)

where Sapodt is the oven-dry sapling biomass (Ib), TAB is the total above-ground oven-
dry biomass (Ib) [47], FOL is the foliage oven-dry biomass (Ib) [47], and Sapadj is the sap-
ling adjustment factor [51].
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