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Executive Summary

The oil, gas, and mining sectors face unprecedented operational complexity: aging infrastructure,
distributed assets across remote locations, volatile commodity markets, and mounting pressure to improve
safety while reducing environmental impact. Traditional automation has reached its limits. Agentic
Al—autonomous systems that perceive, decide, and act without constant human intervention—represents

the next frontier in operational transformation.

Unlike conventional Al that requires predefined rules and continuous oversight, agentic Al continuously
learns from operational environments, coordinates across multiple systems, and executes decisions to
optimize production, safety, and cost efficiency. Early adopters are already seeing measurable results:
production forecasting accuracy improvements of 15-25%, maintenance cost reductions of 20-40%, and

significant decreases in unplanned downtime.

The barriers to adoption are not primarily technological. Organizations struggle with fragmented data
environments, siloed operational technology systems, and the 6-18 month infrastructure buildout required
to support Al at scale. Success requires strategic focus on three imperatives: establishing unified data
governance across I'T and operational technology systems, deploying Al infrastructure that maintains data
sovereignty for regulatory compliance, and building organizational capability to work alongside
autonomous agents. Companies that overcome these barriers position themselves to compete in an industry

where margins increasingly depend on intelligent automation.
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Overview

Agentic Al marks a fundamental departure from previous generations of industrial automation. Where
traditional Al systems execute predefined tasks and require human decision-making at critical junctures,
agentic Al operates with genuine autonomy. These systems perceive their environment through sensor
networks and data streams, make contextualized decisions based on learned patterns and operational
objectives, and take action to achieve specific goals—all while collaborating with human operators who

provide strategic oversight rather than moment-by-moment supervision.

The technology is emerging now because three converging forces have matured simultaneously. First, the
proliferation of IoT sensors across oil fields, refineries, and mining operations has created rich data
environments that feed Al learning. Second, advances in machine learning architectures—particularly
reinforcement learning and multi-agent systems—enable Al to handle the non-deterministic, dynamic
nature of extraction operations. Third, edge computing infrastructure now allows Al processing at remote
sites without constant connectivity to centralized data centers, critical for distributed operations in

challenging environments.

The market is responding rapidly. The global AI market in industrial operations is projected to grow from
$5.2 billion in 2024 to over $196 billion by 2034, with energy and natural resources representing a
significant share. Gartner estimates that by 2028, one-third of enterprise applications will incorporate
agentic Al capabilities, and AI will make 15% of day-to-day operational decisions autonomously. This isn't

speculative—companies are moving from pilot projects to production deployments today.

In oil, gas, and mining specifically, agentic AI addresses operational challenges that have persisted for
decades. Consider predictive maintenance: traditional approaches rely on scheduled inspections and reactive
repairs. Agentic Al continuously monitors equipment health across thousands of assets, predicts failures
with increasing accuracy, automatically schedules maintenance during optimal production windows, and
even coordinates parts ordering and technician dispatch. The system learns from every failure and successful

intervention, constantly improving its predictive models.

The technical foundation rests on several key architectural components:

* Multi-agent orchestration: Multiple specialized AI agents handle distinct operational domains
(production optimization, safety monitoring, supply chain coordination) while communicating to

resolve conflicts and optimize across objectives

* Real-time data integration: Unified pipelines connect operational technology sensors, enterprise

systems, market data, and environmental monitoring into coherent operational context

* Edge-cloud hybrid processing: Latency-sensitive decisions execute at the edge while computationally

intensive learning and cross-site optimization occur in centralized environments

* Human-in-the-loop governance: Oversight frameworks that allow autonomous operation within

defined parameters while escalating edge cases and maintaining audit trails

Yet adoption remains uneven. Industry research indicates that by 2030, fewer than half of energy and
mining organizations will have mature agent architecture and lifecycle management capabilities. The

primary barrier is not the Al technology itself but the underlying data and infrastructure environment. Most
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operations still run on fragmented, siloed systems where data from drilling operations, refining processes,
safety systems, and business applications never converge into unified operational views. Organizations using
platforms like Shakudo can accelerate past these barriers by deploying pre-integrated data and AI
infrastructure in days rather than spending 6-18 months on custom integration work, all while maintaining

data sovereignty in their own cloud or on-premises environment.
The question for industry leaders is not whether agentic AI will transform extraction operations—it already

is. The question is whether your organization will be positioned to capture the competitive advantages or be

forced to play catch-up as operational efficiency gaps widen.

High-Impact Use Cases Across the Value Chain

Agentic Al delivers measurable value across every stage of oil, gas, and mining operations, from exploration
through processing and distribution. Understanding where to apply the technology strategically determines
ROI and organizational adoption momentum. The highest-impact applications share common
characteristics: they involve complex, multi-variable decision-making; they generate significant cost or safety
consequences when optimized poorly; and they currently consume substantial expert time in routine

decision loops.

Production optimization represents the most mature application area. In oil and gas fields with hundreds of
wells using artificial lift systems, agentic Al continuously adjusts pump speeds, injection rates, and pressure
parameters across the entire field to maximize total production while minimizing energy consumption and
equipment wear. Unlike rules-based automation that optimizes each well independently, agentic systems
understand field-level interactions—how changes in one well affect reservoir pressure and production
potential in adjacent wells. Operators report production increases of 5-12% with simultaneous energy cost
reductions of 10-20% after deploying these systems. The Al learns optimal strategies through continuous
experimentation within safe parameters, discovering operational approaches that human engineers miss

because they involve complex interactions across dozens of variables.
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Agentic Al optimizes production across entire oil fields by understanding well interactions, delivering
5-12% production increases with 10-20% energy cost reductions.

Predictive maintenance and asset reliability constitute another high-value domain. Mining operations might
have thousands of critical assets—haul trucks, excavators, conveyor systems, processing equipment—where
unplanned failures cost $100,000 to $500,000 per hour in lost production. Agentic Al agents monitor
equipment health signals, predict failures weeks in advance, automatically schedule maintenance during
planned downtime, coordinate parts procurement, and even optimize maintenance crew assignments across
sites. The system maintains detailed failure and repair histories, learning which combinations of operating

conditions, maintenance interventions, and parts quality predict long-term reliability.

One particularly powerful capability: the Al identifies when operating equipment to failure is economically
optimal versus preventive intervention. For a piece of equipment with high replacement cost but low failure
consequence, running to failure might be the right strategy. For critical path equipment, even small failure
probabilities justify intervention. Agentic systems make these economic optimizations thousands of times

daily across asset portfolios.

Safety and compliance monitoring creates significant value while addressing regulatory requirements.
Autonomous agents continuously analyze data from gas detectors, thermal cameras, vibration sensors, and
operational logs to identify emerging safety risks. When the system detects anomalous
conditions—unexpected pressure buildups, unsafe gas concentrations, equipment operating outside
parameters—it can automatically initiate safety protocols: shutting down affected equipment, alerting
response teams, isolating hazardous areas, and documenting the entire event chain for regulatory reporting.
Because the Al learns from near-misses and incident patterns across the entire operation, it often identifies
risk combinations that wouldn't trigger traditional alarm systems until a dangerous situation had already

developed.

Key operational applications include:

1. Autonomous drilling optimization: Real-time adjustment of drilling parameters (weight on bit,
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rotation speed, mud flow) to maximize rate of penetration while avoiding equipment damage and

wellbore instability

2. Refinery process optimization: Continuous optimization of process units to maximize yield of

high-value products while meeting quality specifications and environmental constraints

3. Supply chain and logistics coordination: Dynamic optimization of inventory levels, transportation

routing, and delivery scheduling as demand, prices, and operational conditions change

4. Energy management: Optimization of power generation and consumption across operations,

including integration of renewable energy sources with variable output

S. Water and environmental management: Autonomous monitoring and optimization of water

recycling, waste handling, and emissions to ensure regulatory compliance while minimizing costs
yclung, g g y g

The implementation priority should focus on use cases where your organization has three critical enablers:
sufficient historical data to train initial models (typically 12-24 months of operational data), clear success
metrics that align with business objectives, and stakeholder willingness to trust Al recommendations during
supervised deployment phases. Organizations using Shakudo benefit from access to 200+ pre-integrated data
and Al tools, allowing teams to rapidly prototype use cases across different operational domains without

lengthy procurement and integration cycles.

Importantly, successful deployments rarely begin with the most complex use cases. Starting with contained,
high-visibility applications—like optimizing a single processing unit or predicting maintenance for one
equipment class—builds organizational confidence and generates learnings about data quality requirements,

change management needs, and integration patterns that inform broader rollouts.
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Architecting Agentic Systems for Industrial Environments

Deploying agentic Al in oil, gas, and mining operations requires architectural approaches fundamentally
different from deploying Al in traditional enterprise software environments. Industrial operations involve
real-time control systems where latency measures in milliseconds, safety-critical decisions where errors can
cost lives, legacy operational technology that predates modern networking standards, and remote locations
with intermittent connectivity. Your architecture must address all of these constraints while maintaining the

flexibility for Al agents to learn and adapt.

The foundational architectural pattern is edge-cloud hybrid processing. Latency-sensitive
decisions—adjusting drilling parameters in real-time, triggering emergency shutdowns, optimizing
production rates minute-by-minute—must execute at the edge, close to sensors and control systems. This
requires deploying Al inference capabilities on industrial edge computing hardware that can operate in
harsh environmental conditions and continue functioning during network outages. These edge agents work

with local models that are periodically updated from centralized training infrastructure.
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Edge-cloud hybrid architecture enables real-time Al decisions at industrial sites while leveraging
centralized computing for model training and optimization.

Meanwhile, computationally intensive operations run in centralized or regional cloud environments.
Training new models on historical data, optimizing strategies across multiple sites, performing complex
simulations, and conducting root cause analysis all benefit from scalable compute resources. The
architecture must synchronize edge and cloud: streaming operational data from edge to cloud for
continuous learning, pushing updated models from cloud to edge for deployment, and managing version

control to ensure you can roll back problematic model updates.
Data integration represents the most persistent architectural challenge. Oil, gas, and mining operations

generate data from diverse sources with incompatible formats and semantics. Operational technology

systems use industrial protocols (Modbus, OPC UA, MQTT) and generate time-series sensor data at high
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frequency. Enterprise systems store data in relational databases with different schemas across divisions.
External data—commodity prices, weather forecasts, supply chain information—arrives through APIs and

data feeds. Agentic Al requires all of this data unified into coherent operational context.

Building this unified data layer typically consumes 40-60% of agentic Al implementation effort. You need
data pipelines that can ingest from industrial protocols and enterprise systems simultaneously, normalize
time stamps and units across sources, handle missing data and sensor failures gracefully, and provide
low-latency access for Al inference. The pipeline must also maintain data lineage and quality metrics because

Al performance degrades unpredictably when trained or operated on poor-quality data.

Security and network architecture require special attention. Operational technology networks have
traditionally been air-gapped from enterprise IT networks to prevent cyber threats from reaching control
systems. Agentic Al breaks this isolation because it requires data flow between OT and IT environments.
Your architecture must implement defense-in-depth security: network segmentation that isolates critical
control systems, encrypted communication channels, authentication and authorization for Al agents
accessing control systems, and continuous monitoring for anomalous agent behavior that might indicate

security compromises.

The multi-agent coordination layer sits above infrastructure and handles how multiple AI agents interact. In
complex operations, you'll deploy specialized agents for different functions—production optimization,
maintenance scheduling, safety monitoring, energy management. These agents must communicate to
resolve conflicts when their objectives clash. For example, the production optimization agent might
recommend running equipment harder to meet production targets while the maintenance agent
recommends reducing load to extend equipment life. The coordination layer needs governance rules that
prioritize objectives (safety always trumps production and cost), mediate tradeoffs (production versus

maintenance), and escalate to humans when agents cannot resolve conflicts within defined parameters.

Implementation considerations include:

* Model governance and versioning: Systems to track which model versions are deployed where,

performance metrics for each version, and rollback capabilities when models underperform

* Explainability and audit trails: Logging of Al decisions, the data inputs that drove those decisions,

and confidence scores to support regulatory audits and operational reviews

* Continuous learning infrastructure: Pipelines that collect outcome data on Al decisions (did the
predicted failure actually occur?), retrain models with this feedback, evaluate new models against

holdout data, and deploy improved versions

* Human oversight interfaces: Dashboards that show what Al agents are doing, allow operators to

override decisions, set operational constraints, and tune agent behavior based on changing priorities

For organizations without existing Al infrastructure, building this architecture from scratch typically
requires 6-18 months and dedicated teams of data engineers, ML engineers, and industrial automation
specialists. Platforms like Shakudo compress this timeline dramatically by providing pre-integrated
infrastructure that handles data ingestion from industrial protocols, unified data storage, ML training and
deployment pipelines, and governance frameworks—all deployable in your own cloud environment or

on-premises to maintain data sovereignty and meet regulatory requirements for industries like oil and gas.
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The architecture must also be designed for gradual adoption. You cannot deploy agentic Al across an entire
operation simultaneously. The system needs to support hybrid operations where some decisions are
Al-driven, some remain human-controlled, and operators can smoothly transition decision authority as
confidence in Al performance grows. This requires flexible control handoffs and clear visibility into which

systems are operating autonomously versus under human control at any given moment.

Data Requirements and Operational Technology Integration

The primary barrier to scaling agentic Al in oil, gas, and mining is not the AI technology itself but the data
environment required to support it. Industry research consistently identifies fragmented, siloed data and
inadequate governance as the factors that prevent organizations from moving Al from pilot projects into
production operations. Understanding what data you need, where it exists, and how to make it accessible

determines whether your agentic Al initiatives deliver value or stall in perpetual proof-of-concept phases.

Agentic Al systems require three categories of data, each with distinct characteristics. First, real-time
operational data from sensors and control systems: temperature, pressure, flow rates, equipment status,
power consumption, and thousands of other parameters measured at frequencies from once per second to
thousands of times per second. This data is inherently time-series in nature and voluminous—a single oil
platform might generate terabytes monthly. The AI uses this data to understand current operational state

and make moment-to-moment decisions.

econd, historical operational and maintenance data: equipment failure histories, maintenance records,

Second, historical operational and t data: equipment failure hist t d

production logs, quality measurements, and operational incidents. This data trains AI models to recognize
patterns that predict failures, identify optimal operating regimes, and understand cause-effect relationships
etween operational decisions and outcomes. The challenge is that this data typically exists in disconnecte

bet perational d d out The challenge is that this data typically exists in d ted
systems—maintenance records in a CMMS, production data in a historian, quality data in LIMS, incidents

in safety management systems—with no common keys to link records across systems.

Third, contextual business and external data: production targets, cost structures, commodity prices, weather
forecasts, supply chain status, and regulatory constraints. Agentic Al needs this context to make decisions
aligned with business objectives. An Al optimizing production must know current commodity prices to
determine whether maximizing production volume or minimizing operating cost is the right objective in

current market conditions.

Most organizations discover their data is far less accessible than they assumed. Common data challenges

include:

* Semantic inconsistency: The same parameter measured at different sites uses different names, units,

and value ranges, making it difficult to train models that work across locations

* Data quality issues: Missing values, sensor drift, outliers from instrument failures, and time

synchronization problems that make data unreliable for Al training

* Inaccessible dark data: Critical operational knowledge exists in unstructured forms—operator logs,

shift handover notes, engineering documents—that AI cannot easily access
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* Insufficient historical depth: Training robust AI models typically requires 12-24 months of

historical data, but many operations have limited retention or gaps from system migrations

Integrating operational technology systems presents distinct challenges from traditional IT integration. OT
systems use industrial communication protocols that enterprise integration tools don't natively support.
Many use proprietary protocols from equipment vendors. Older systems may lack any digital interfaces,
requiring retrofit instrumentation. And because OT systems control physical processes, integration work
carries risk—a misconfigured data collection that overloads a PLC or disrupts a control loop can cause

production outages or safety incidents.

A pragmatic OT integration approach starts by inventorying what data exists and where. Map your critical
operational processes, identify the key parameters that drive performance and predict failures, and trace
those parameters back to their source systems. Prioritize integration efforts based on the data’s value for

high-impact use cases rather than attempting comprehensive integration from the start.

For data collection from OT systems, several architectural patterns have proven effective. Industrial IoT
gateways sit at the edge, translating between OT protocols and standard I'T protocols, buffering data during
connectivity outages, and performing initial filtering to reduce data volume. These gateways connect to
centralized data lakes or historians that provide unified storage with efficient time-series query capabilities.
The architecture should separate data collection from data processing—collect everything at reasonable
sampling frequencies, then downstream systems can filter and aggregate as needed for different Al

applications.

Data governance becomes critical at scale. You need clear data ownership (who is responsible for ensuring
data quality?), data lineage tracking (where did this data originate and how was it transformed?), and data
quality monitoring (automated detection of data anomalies that would degrade AI performance). Many
organizations underestimate governance requirements and later discover they cannot trust Al outputs

because they cannot trust input data quality.

With platforms like Shakudo, organizations gain access to pre-integrated data infrastructure that handles
ingestion from common industrial protocols, unified storage optimized for time-series data, data quality
monitoring tools, and feature engineering pipelines—all deployed in their own environment to maintain
data sovereignty. This eliminates months of integration work and allows teams to focus on developing Al
use cases rather than building data plumbing. The platform's 200+ integrated tools include specialized

capabilities for industrial data processing that would otherwise require extensive custom development.

Data security and access control require particular attention when Al agents need access to operational data.
Implement least-privilege access where agents can only access data necessary for their specific functions.
Maintain audit logs of all data access by Al systems. And ensure that data flowing between OT and IT
environments passes through security boundaries that prevent potential compromises in I'T systems from

reaching control systems.
One often-overlooked requirement: feedback data that measures Al performance. When an Al predicts a

failure, you need to capture whether the failure actually occurred. When an AI recommends operational

changes, you need to measure the resulting impact on production, cost, and quality. This feedback closes the
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learning loop, but it requires deliberate instrumentation because the relevant outcome data often exists in

different systems than the input data the AI used to make its decision.

Governance, Safety, and Change Management

Deploying autonomous Al agents into oil, gas, and mining operations raises governance and safety questions
without precedent in previous automation waves. When a rule-based control system behaves unexpectedly,
engineers can trace through the logic to understand why. When an AI agent makes decisions based on
learned patterns across millions of parameters, the reasoning is often opaque. When multiple agents interact
in complex ways, predicting system behavior becomes challenging. These characteristics demand new

governance frameworks specifically designed for agentic Al in safety-critical industrial environments.

The governance framework must address decision authority and operating boundaries. For each Al agent,
you need explicit specification of: what decisions the agent can make autonomously without human
approval, what operational constraints bound those decisions (min/max values, rate of change limits, safe
operating envelopes), what conditions trigger automatic handoff to human operators, and what audit trail
documentation the agent must maintain. These specifications should be documented formally, reviewed by

operational and safety experts, and enforced through technical controls, not just policy.

A practical pattern is graduated autonomy levels that evolve as confidence in Al performance grows. Level 1:
AT makes recommendations, humans approve every action. Level 2: Al acts autonomously in normal
conditions, humans approve exception cases. Level 3: Al acts fully autonomously within defined
boundaries, humans notified of actions but not required to approve. Level 4: Al acts autonomously and
adjusts its own operating boundaries based on learned confidence. Most industrial deployments operate at
Levels 2-3. Level 4 requires exceptional governance maturity and is rare outside of tightly constrained use

Ccasces.

Safety integration is paramount. Agentic AI must integrate with existing safety instrumented systems and
respect established safety hierarchies. In practice, this means Al agents cannot override safety shutdowns,
cannot disable safety interlocks, and cannot modify safety-critical parameters without specific authorization.
Many implementations create separate safety monitoring agents whose sole function is to watch other Al
agents for unsafe behaviors and automatically restrict or shut down agents that begin operating outside safe

bounds.

Because Al behavior can be unpredictable, especially as agents learn and adapt, rigorous testing becomes
essential before production deployment. Traditional software testing approaches are insufficient because
you cannot test all possible operational scenarios an AI might encounter. New testing methodologies
include adversarial testing (red teams that deliberately try to make Al fail), simulation testing (running Al
agents in digital twin environments that model physical operations), and shadow mode testing (AI makes

decisions but doesn't act, allowing comparison between Al and human decisions on the same situations).

Model governance addresses the Al lifecycle. As agents learn and models are updated, you need version

control that tracks which model version is deployed where, performance monitoring that detects when
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model accuracy degrades (indicating the operational environment has changed in ways the model doesn't
account for), and rollback capabilities to quickly revert to previous model versions when problems emerge.
Organizations often overlook this until a bad model update causes operational disruptions and they have no

systematic way to identify what changed or how to recover.

Explainability and audit trails create transparency into Al decision-making. For regulatory compliance and
operational review, you need logs that capture: what decision the AI made, what data inputs drove that
decision, what alternatives the Al considered, what confidence level the Al assigned to its decision, and what
outcome resulted. When an Al-driven operational decision leads to an incident, these audit trails enable root
cause analysis. They also support continuous improvement by identifying patterns where AI consistently

makes suboptimal decisions.

Change management often determines success or failure more than technology factors. Operational teams
who have decades of experience running facilities can perceive Al as threatening their expertise and
autonomy. Resistance manifests as skepticism about Al recommendations, reluctance to share operational
knowledge that would improve Al performance, and slow adoption even when Al is technically ready.

Several strategies address this:

Start with AT as decision support rather than autonomous action. Let operators see Al recommendations
alongside their own judgment, build trust in AI performance, and gradually transition to autonomous
operation as confidence grows. Frame Al as augmenting human capability rather than replacing it—AI
handles routine optimization and monitoring, freeing experts for complex problem-solving and strategic
decisions. Involve operational experts deeply in Al development, using their knowledge to define

constraints, validate outputs, and refine agent behavior.

Training and skill development prepare the workforce for Al collaboration. Operators need to understand
what Al agents are doing (conceptually, not mathematically), how to interpret Al recommendations and
confidence indicators, when to override Al decisions, and how to provide feedback that improves Al
performance. Engineers need deeper technical skills: how to work with data scientists to define use cases,

how to evaluate Al model performance, and how to troubleshoot Al systems.

For regulated industries, compliance integration is crucial. Agentic AI must support rather than complicate
regulatory compliance. This means ensuring Al decisions respect regulatory constraints, generating
documentation that meets regulatory reporting requirements, and maintaining audit trails that can be
presented to regulators. Organizations often benefit from engaging regulators early to explain how Al

governance frameworks ensure safety and compliance, building regulator confidence before formal audits.

Key governance questions to answer include:

1. Who has authority to approve new Al agents or changes to existing agent behavior?

2. What operational and safety review process must Al systems pass before production deployment?
3. How do you verify Al systems continue performing correctly as they learn and adapt?
4

. What process handles situations where Al and human operators disagree about the right course of

action?

5. How do you balance learning and adaptation against operational stability and predictability?
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Platforms like Shakudo provide built-in governance capabilities—model versioning, audit logging, access
controls, and deployment workflows—that help organizations implement these governance frameworks
without building custom governance infrastructure. The platform's enterprise security and compliance
controls, combined with deployment in the customer's own environment, ensure that sensitive operational
data remains under the organization's control while enabling the data sharing across teams that agentic Al

requires.

Implementation Roadmap and Measuring Success

Successful agentic Al implementation in oil, gas, and mining follows a deliberate progression that builds
capability, demonstrates value, and establishes governance before attempting to scale across operations.
Organizations that try to deploy comprehensively from the start typically fail—the scope is overwhelming,

the organizational change too disruptive, and the learning too slow. A phased approach accelerates overall

time-to-value by enabling fast iteration and course correction on contained deployments before committing

to enterprise-wide rollouts.

PHASE 1:
FOUNDATION & PHASE 2: PHASE 3:
PROOF-OF-VALUE SCALE & EXPAND SCALED DEPLOYMENT
Timeline: 8-16 Weeks Timeline: 6-12 Months Timeline: 12-24 Months
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A phased implementation approach builds AI capability progressively, from proof-of-value pilots to
enterprise-wide scaled deployment over 2-3 years.

Phase one focuses on foundation and proof-of-value. Select 2-3 high-impact use cases that meet specific

criteria: well-understood business value with clear success metrics, sufficient historical data available for

model training (12-24 months minimum), contained scope that limits blast radius if something goes wrong,

and executive sponsorship with committed operational stakeholders. Production optimization for a single
asset or asset group, predictive maintenance for one equipment class, and safety monitoring for a specific

hazard represent typical first use cases.

This phase establishes foundational infrastructure: data pipelines from relevant OT and IT sources, the dat
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storage and processing layer, ML development and deployment environment, and initial governance
frameworks. The objective is delivering a working Al agent in production (even if operating in supervised
mode initially) within 8-16 weeks. This timeline is achievable for organizations using integrated platforms
like Shakudo that eliminate infrastructure buildout, but stretches to 6-9 months for organizations building

from scratch.

Critically, phase one validates your data environment. You'll discover data quality issues, integration
challenges, and gaps in historical data that weren't apparent in assessment. Addressing these issues on

contained use cases is much easier than discovering them during broader deployment.

Phase two scales successful use cases and expands to new operational domains. Take the initial AT agents
from supervised operation to increasing autonomy based on measured performance. Deploy proven use
cases to additional assets or sites. Add new use cases that leverage the infrastructure and learnings from phase

one. This phase typically lasts 6-12 months and might deploy 5-10 Al agents across operations.

The focus shifts from proving technical feasibility to optimizing AI performance and building
organizational capability. Invest in model refinement using the feedback data collected during initial
operation. Develop training programs that prepare operators and engineers to work with Al across the
organization. Establish operational review processes where teams regularly evaluate AI performance, share

learnings across sites, and identify improvement opportunities.

Phase three achieves scaled deployment and operational integration. Agentic Al becomes embedded in
standard operational practice rather than being special initiatives. You're deploying dozens of agents, they're
interacting in coordinated ways, and the organization has mature processes for Al governance, testing, and

lifecycle management. This phase unfolds over 12-24 months.

Key activities include building multi-agent orchestration capabilities where agents in different operational
domains coordinate, developing internal AI development expertise so teams can create new agents for
emerging needs without depending entirely on vendors, and advancing to more complex use cases like
autonomous drilling optimization or integrated supply chain coordination that require sophisticated AI

capabilities.

Measuring success requires metrics at three levels. Operational metrics measure direct impact: production
increases, downtime reductions, maintenance cost savings, safety incident decreases, energy consumption
reductions, and quality improvements. These metrics should directly tie to the business case for specific AI
agents. For a predictive maintenance agent, track unplanned downtime hours, emergency maintenance
costs, and equipment availability. For a production optimization agent, track production volume, energy

efficiency, and operating costs.

Al performance metrics assess how well agents are functioning: prediction accuracy, false positive/negative
rates, decision latency, model drift indicators, and override rates (how often humans overrule AI decisions).
These metrics provide early warning when Al performance degrades before operational impact becomes
significant. Establish baseline performance expectations and alert thresholds. An increasing override rate
might indicate the operational environment has shifted in ways the AI model doesn't account for, requiring

model retraining.
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Organizational metrics gauge adoption and capability: percentage of decisions that are Al-assisted or
autonomous, time from use case identification to production deployment, number of staff trained in Al
collaboration, and employee satisfaction working with AI systems. These metrics track whether the
organization is building sustainable Al capability or creating technical debt through hasty deployments

without proper governance.

Common pitfalls to avoid include:

* Underestimating data preparation effort: Organizations typically spend 60-70% of
implementation time on data work—cleaning, integrating, labeling, feature engineering—before ever

training AT models

* Insufficient stakeholder involvement: Al agents deployed without deep operational expert input

rarely perform well because they miss crucial operational constraints and nuances

* Inadequate governance from the start: Organizations that defer governance "until we scale” find

scaling nearly impossible because they have no systematic way to ensure quality and safety

* Neglecting change management: Technical success means nothing if operators don't trust and use

the Al systems

* Pursuing too many use cases simultaneously: Spreading resources across many pilots prevents any

from achieving production readiness

Success patterns include starting with contained high-value use cases, investing heavily in data infrastructure
early, involving operational experts throughout development, establishing clear governance frameworks
before scaling, and maintaining discipline around measuring and communicating value. Organizations that
follow this pattern typically achieve positive ROI within 12-18 months and reach mature agentic Al

capabilities within 3-4 years.

With platforms that provide integrated Al infrastructure, organizations can compress these timelines
significantly. Shakudo enables teams to focus implementation effort on use case development and
organizational adoption rather than spending months building data pipelines, ML platforms, and
governance infrastructure. The platform's pre-integrated tools and deployment automation reduce the time
from use case definition to production from months to days, while maintaining the data sovereignty and
security controls essential for regulated industries. This acceleration is crucial in competitive markets where
operational efficiency advantages compound over time—organizations that deploy Al capabilities 12

months faster gain 12 months of operational improvements over competitors.
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Ready to Get Started?

Shakudo enables enterprise teams to deploy Al infrastructure with

complete data sovereignty and privacy.

shakudo.io

info@shakudo.io
Book a demo: shakudo.io/sign-up



