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Module 1: Introduction — Digital Twins as Decision-Support (PE 

Accountability) 

 
Overview: Digital twins can transform engineering analysis, but they are advisory tools that 

require professional oversight. In this module, we introduce AI-enabled digital twins and 

underscore how they augment — not replace — the Professional Engineer's role. We frame digital 

twins as data-driven extensions of traditional simulation and monitoring, used to inform decisions 

rapidly, from design optimization to real-time control. However, as with any engineering tool 

affecting public safety, licensed engineers must verify and validate the twin's outputs and 

maintain ultimate responsibility for decisions. This aligns with NSPE guidance that AI systems 

impacting public welfare require rigorous V&V and licensed oversight. We also discuss 

configuration management and traceability from the outset: treating model updates and 

versioning with the same discipline as controlled design documents, ensuring transparency and 

accountability throughout the twin's lifecycle. 

 

1.1 Key Points 

 

• Definition: A digital twin is a high-fidelity, live model of a physical system (e.g., an 

HVAC network or a chemical process) that continuously reflects system state. AI-enabled 

means it uses ML models to speed up calculations or adapt to changing data. 

• PE's Responsibility: The twin serves as a decision-support system — it provides fast 

predictions and optimization suggestions, but the Professional Engineer must validate 

these and integrate them with sound judgment and safety factors. For example, if a twin 

suggests lowering a safety margin to improve efficiency, the PE must evaluate whether that 

complies with applicable codes and ensure an appropriate margin of safety is maintained. 

The engineer holds final accountability for public safety and code compliance, so any 

automated twin recommendations must be vetted before implementation. 

• Value Proposition: When used properly, digital twins can accelerate scenario analysis 

(e.g., evaluating dozens of design scenarios overnight) and enable proactive control (e.g., 

adjusting operations to avoid issues). This leads to improved performance, reliability, and 

safety — fewer physical prototypes are needed, problems are detected earlier, and system 

settings are optimized. 

• Professional Practice Integration: Twin usage should be designed to meet NCEES and 

ISO 9001 best practices: maintain documentation of model assumptions, follow risk-

based thinking (e.g., analyze "what if the twin is wrong?"), and apply configuration 

control so that everyone uses the same validated model version. By doing so, the twin 

becomes a trustworthy part of the engineering process rather than a 'black box.' 
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⚠ Public Safety Note: Throughout this course, remember that any model — no matter how 

advanced — is not infallible. PEs must ensure the twin's output does not lead to unsafe 

decisions. When in doubt, the conservative, proven approach (e.g., a code-prescribed method 

or physical test) should override an AI model's suggestion. This mindset ensures that digital 

twins are used to enhance safety and performance, consistent with our duty to the public. 
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Module 2: Physics-Based Thermal/Fluids Modeling — Fundamentals & Limits 

 
Overview: Physical fidelity is the foundation of a credible digital twin. In this module, we review 

the fundamentals of physics-based thermal and fluids modeling that often form the core of a 

digital twin. These include Computational Fluid Dynamics (CFD) for fluid flow and convective 

heat transfer, Finite Element Analysis (FEA) for heat conduction and thermo-structural analysis, 

and lumped parameter thermal/flow network models for system-level behavior. We discuss the 

capabilities and limitations of each approach: why they are crucial for accuracy and why they can 

be impractical for real-time or extensive scenario use — a gap that motivates the ML surrogates 

introduced in Module 3. 

 

2.1 CFD (Computational Fluid Dynamics) 

 

CFD solves the fundamental fluid flow and heat transfer equations to predict detailed distributions 

of velocity, pressure, and temperature within a geometry. Example (Mechanical): Using CFD to 

simulate hot air flow through a heat exchanger yields local heat transfer rates and identifies 

potential hot spots. Strength: High accuracy and detail; captures complex phenomena such as 

turbulence and three-dimensional effects. Limitation: Computationally intensive — a single CFD 

run for a building's airflow or an electronics cooling system may take hours to days, making it 

unsuitable for rapid iterative testing or live control. Models also require precise boundary 

conditions and turbulence model selection, both of which introduce uncertainties. 

 

2.2 Thermal FEA (Finite Element Analysis) 

 

FEA solves heat conduction in solids and can couple with mechanical stress arising from thermal 

expansion. Example (Civil): An FEA thermal analysis of a concrete tunnel lining under fire 

loading determines temperature penetration and resulting thermal stress. Strength: Resolves fine 

temperature and stress gradients, which is critical for safety-limit checks. Limitation: 

Computationally demanding for large structures over extended time periods; requires accurate 

material property data and proper contact definitions. 
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2.3 Lumped Parameter / Network Models 

 

Lumped parameter models represent a large system as interconnected nodes and elements, using 

energy balances and empirical relations. Example (Environmental): A building energy model 

where each room is a node with thermal capacitance, walls act as thermal resistances, and HVAC 

flows are modeled as input sources. Example (Electrical): A transformer cooling circuit 

simplified to a network of thermal resistances and convection coefficients to predict oil and 

winding temperatures. Strength: Fast to compute — often in real time — and straightforward to 

integrate with control system simulation. Limitation: Lower spatial detail; assumes uniform 

conditions within each zone and relies on empirical correlations (e.g., Nusselt number formulas) 

that may be inaccurate under conditions outside their derivation range. Requires calibration to 

measured or high-fidelity simulation data. 

 

2.4 Bridging Across Disciplines 

 

A robust twin may combine multiple model types. For instance, a power electronics cooling twin 

might use an FEA-based thermal model of the heat sink to capture conduction and CFD for airflow, 

integrated with an electrical model of the circuit for heat generation rates. This multi-physics 

coupling ensures all relevant interactions — electrical losses, fluid cooling, and structural 

constraints — are addressed, at the cost of increased computational complexity. 

 

 
 

Key Takeaway: Physics-based models provide ground-truth behavior but are often too slow 

or unwieldy for extensive scenario exploration or live system updates. In a digital twin, they 

serve as the source of high-fidelity data from which faster approximations are derived. Inherent 

uncertainties — such as those introduced by turbulence modeling or material property variation 

— must be recognized and addressed through calibration and appropriate safety margins. 
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Module 3: ML Surrogate Modeling & Hybrid Digital Twins 

 
Overview: To achieve both speed and accuracy, digital twins often employ ML-based surrogate 

models. In this module, we explore how machine learning surrogate models are built and 

integrated into hybrid twins. Surrogates are data-driven approximations of more complex physics 

phenomena — they 'learn' the input-output behavior of a high-fidelity model from data. We discuss 

how surrogates can mimic high-fidelity model outputs with minimal error, enabling near-

instantaneous predictions. We also address the trade-offs: surrogates are fast, but are valid only 

within the range of data on which they were trained, requiring careful construction, validation, 

and domain checks. 

 

3.1 Surrogate Model Development 

 

Surrogates are typically trained on data — either from running a physics model under varied 

conditions or from historical operational data. For example, a CFD model of HVAC airflow might 

be executed for 100 combinations of weather conditions and setpoints; a neural network is then 

trained to predict zone temperatures given those inputs. Once trained, the neural network can 

predict results for a new scenario in milliseconds (versus hours for each CFD run) with only minor 

error. Other surrogate techniques include Gaussian Process regression (kriging), which provides 

both a prediction and a quantified uncertainty estimate via a full posterior distribution. Simpler 

forms such as response surface polynomials or decision trees may suffice for less complex 

problems and offer greater interpretability. The chosen method should reflect the complexity of 

the problem and the volume of available data. 

 

3.2 Integration into the Hybrid Twin 

 

A hybrid digital twin uses the surrogate model in place of, or alongside, detailed simulation for 

speed. Parallel hybrid: a thermal network model provides a baseline while an ML corrector 

accounts for local detail. Serial hybrid: an ML model replaces one component's CFD within a 

larger process simulation, providing speed gains where needed most. Example (Mechanical): A 

twin for an automotive cooling system might incorporate an ML model predicting radiator heat 

rejection as a function of vehicle speed and ambient temperature (trained from high-fidelity CFD 

simulations), while the remainder of the engine heat balance is handled by simpler energy 

equations, yielding rapid yet realistic powertrain temperature predictions across varied drive 

cycles. 
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3.3 Speed versus Fidelity Considerations 

 

Surrogates can accelerate analysis by 100× or more depending on the complexity of the 

underlying physics model — enabling real-time simulation and optimization that would otherwise 

be computationally prohibitive. However, surrogates cannot extrapolate reliably beyond their 

training domain. A surrogate is trustworthy only within the range of inputs on which it was 

trained. If a scenario falls outside that range (e.g., an ambient temperature not encountered in 

training), the model may produce unphysical results. The twin's logic should therefore include 

range checks and automatically revert to a backup strategy or alert the engineer when operating 

outside the validated domain. 

 

3.4 Maintaining Physical Consistency 

 

Unconstrained data-driven models can violate physical laws — predicting negative mass flow, for 

example, or violating energy conservation. Advanced physics-informed machine learning 

(PIML) techniques address this by incorporating physical laws directly into the model training 

process (e.g., enforcing conservation of energy within the network architecture). Even without 

PIML, engineers should apply simple constraints — bounding outputs to physically realizable 

ranges and blending surrogate predictions with physics-based baselines for stability — to produce 

a hybrid model that combines data-driven flexibility with physics-driven reliability. 

 

Example — Building HVAC Hybrid Twin 

 

A large office building's twin uses a coarse thermal network for all zones and an ML surrogate 

for the complex atrium airflow, trained on fine-grid CFD results for a range of external 

conditions. The hybrid twin can simulate the entire building's temperature distribution in seconds 

per time step, making it feasible to evaluate alternative HVAC control strategies rapidly. When 

conditions stray outside the surrogate's training range — such as a record-high humidity event — 

the twin flags the condition, prompting fallback to a simplified physics estimate or an alert for 

human review. 

 

Example — Industrial Heat Exchanger Surrogate 

 

A chemical plant twin includes an ML model of a heat exchanger's performance. Using 

approximately 50 high-fidelity simulation points covering a range of flow rates and fouling levels, 

a neural network surrogate was trained to predict outlet temperature and pressure drop. 

Integrated into the plant twin, it enables rapid daily predictions of exchanger behavior under 

changing feed rates — predictions that would be computationally prohibitive to derive from CFD 

in real time. The surrogate's outputs are continuously compared against actual plant data; if 

deviations grow (e.g., as fouling exceeds the training range), the model is retrained or recalibrated 

as described in Module 4. 
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Key Takeaway: Hybrid digital twins merge the best of physics and data: fast scenario 

evaluation and real-time capabilities without sacrificing physical realism. The engineer's role 

is to build and integrate surrogates carefully — ensuring they are well-trained, validated, and 

range-limited — so that the twin remains a trusted reflection of the real system throughout its 

application lifecycle. 
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Module 4: Calibration, Uncertainty & Model Credibility 

 
Overview: Accuracy and trust are non-negotiable for digital twins used in engineering decisions. 

This module focuses on how to calibrate and validate a digital twin and how to manage and 

communicate its uncertainties. Engineers must demonstrate that the twin reliably predicts reality 

within acceptable error — achieved by calibrating model parameters to match measured data and 

validating predictions against independent datasets. We also discuss how to monitor the twin's 

performance over time to detect model drift, and how to maintain configuration control so that 

model updates are carefully tracked. The goal is to ensure that the twin's outputs are credible and 

defensible, meeting the rigorous standards required for engineering decisions. 

 

4.1 Calibration 

 

Calibrating a twin means adjusting its parameters so that outputs align with known measurements 

or high-fidelity reference results. Example: For a building twin, uncertain parameters such as 

infiltration rates and effective thermal mass are adjusted so that the twin's predicted room 

temperatures match recorded temperatures over a test period with acceptably small error. For ML 

surrogates, calibration includes ensuring the model is trained on representative data and, where 

necessary, applying a bias correction — for instance, if a surrogate consistently underpredicts an 

output by approximately 2%, a bias offset is applied so that predictions are centered correctly. 

Calibration typically uses optimization techniques to minimize an error metric. It is critical to avoid 

overfitting to one dataset, which is why a separate validation step always follows calibration. 

 

4.2 Validation (V&V) 

 

Validation tests the twin's predictive capability on data or scenarios not used during calibration. 

Example: After calibrating a pump network twin on last month's operational data, the model is 

tested against this month's independent data to confirm it remains accurate. Acceptable error 

bounds should be predefined based on the system's sensitivity and the consequences of prediction 

error — for example, requiring less than 5% error in temperatures and less than 10% error in flows 

for the twin to be considered valid for the intended use. If the twin fails validation, further 

refinement is needed or a larger uncertainty margin must be acknowledged. No twin is exact — 

validation confirms the model is "accurate enough" for its intended purpose, given appropriate 

safety margins. Documenting validation results — including plots of predicted versus actual 

outcomes — constitutes model credibility evidence and demonstrates engineering due diligence. 
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4.3 Uncertainty Quantification 

 

Even a well-validated twin will have residual uncertainties arising from measurement noise, model 

simplifications, and boundary condition assumptions. Engineers should quantify these 

uncertainties and incorporate them into decisions using the following techniques: 

 

• Sensitivity Analysis: Vary key inputs within plausible ranges to determine how much 

outputs change. If a small input variation produces a large output swing, that output carries 

high sensitivity; a correspondingly larger safety margin is warranted. 

• Monte Carlo Simulation: Treat uncertain parameters as statistical distributions (e.g., 

material conductivity ±5%, predicted weather deviation) and execute many simulations 

runs — made feasible by the surrogate's speed — to generate a distribution of results. 

Design to a conservative percentile (e.g., ensure capacity meets the 95th percentile worst-

case demand). 

• Confidence Intervals on Outputs: Where possible, present results as a range. For 

example, if the twin predicts a peak temperature of 70°C ± 3°C, the engineer should plan 

for 73°C. The model may also be intentionally calibrated to err slightly on the conservative 

side to provide an additional safety buffer. 

 

4.4 Model Drift & Recalibration 

 

Over time, the physical system may change — components wear, control strategies are modified, 

or new operating regimes emerge. If the twin is not updated, it will drift from reality. Continuous 

monitoring of model error is therefore necessary: implement automated daily comparisons of twin 

predictions against live sensor data. If the error remains below a predefined threshold (the 

appropriate threshold depends on the system's sensitivity and the consequences of prediction 

error), the twin remains valid. If errors grow or exhibit systematic bias, investigate the cause — 

for example, heat exchanger fouling may be increasing pressure drop beyond what the model 

reflects — and update the model parameters or retrain the surrogate in a controlled manner. All 

updates must be logged with the date, responsible engineer, nature of the change, and new 

validation results, consistent with ISO 9001 requirements for control of documented information. 
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4.5 Model Credibility & Documentation 

 

Achieving and maintaining a credible twin requires producing evidence of its reliability. PEs 

should maintain a Twin V&V Report summarizing calibration and validation steps, data sources, 

accuracy results, and known limitations (e.g., 'valid for flows up to 500 m³/h; not validated for 

transient startup behavior'). When a twin informs a design decision, that reliance should be 

documented explicitly: "Predictions from the validated digital twin (Version 2.1) indicate X; 

therefore, the design proceeds with Y." Such traceability ensures that, if decisions are later 

questioned, it can be demonstrated that they were based on a thoroughly vetted model rather than 

unverified analysis. 

 

 
  



AI-Enabled Digital Twins For Thermal/Fluids & System Performance – E01-014 

  

                                 

                                                                                                                            11 

Module 5: Design & Operations Use Cases — Scenarios and Control 

 
Overview: Digital twins can supercharge both design and operational engineering. In this 

module, we provide concrete examples from building HVAC (civil/environmental) and 

industrial processes (mechanical/electrical) to illustrate digital twin applications in design-phase 

scenario studies and in operational control. We show how a validated twin enables extensive 

experimentation without physical risk, leading to optimized designs and smarter operations. We 

also highlight how the engineer ensures that these applications remain within safe and validated 

bounds. 

 

5.1 Design-Phase Scenario Analysis 

 

Example (Civil/Environmental — Building HVAC) 

 

Consider designing a new smart office building. A digital twin combines a thermal network 

model of the building with ML surrogates for detailed airflow in the atrium and data center. The 

design team uses this twin to simulate dozens of combinations of insulation levels, window glazing 

specifications, and HVAC equipment sizing under a range of weather scenarios — analysis that 

would be infeasible with manual calculations or individual CFD runs for each case. The twin 

reveals that slightly higher window solar heat gain in winter can reduce heating costs, but only 

when external shading is added to control summer overheating; the twin quantifies these trade-offs 

efficiently. The final design justifies specific material and HVAC choices based on twin results, 

supported by the PE's documented code checks and applied safety margins (e.g., additional cooling 

capacity to account for model uncertainty). The result is an energy-efficient, weather-resilient 

design achieved with confidence through thorough digital pre-testing. 

 

Example (Mechanical — Industrial Process Design) 

 

For a petrochemical cooling loop, a twin comprising a network flow model and a surrogate for 

heat exchanger performance is used during the design phase. Engineers run scenarios covering 

varying ambient temperatures, cooling tower performance, and worst-case heat loads, verifying 

that the system can handle all conditions with margin. Failure scenarios are also simulated — such 

as one pump offline or fouling factors doubled — which reveals that, with one pump out of service, 

a particular pipe section experiences flow velocity above the safe limit. The designers enlarge that 

pipe in response, proactively improving safety and compliance with design standards before 

fabrication. 
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5.2 Operations-Phase Optimization & Control Tuning 

 

Example (Industrial — Pump Station Control) 

 

A water utility uses a twin of its pumping station — including pump curve surrogates and a pipe 

network model — to minimize energy cost. The twin ingests live data (tank levels, demand 

readings) and evaluates alternative pump sequencing schemes virtually, which operators cannot 

practically test on the live system. It identifies an optimized schedule that reduces energy 

consumption, while maintaining required pressures throughout the distribution system. The twin 

continues to monitor conditions; if pump performance degrades over time, the model is 

recalibrated from real data and updated strategies are proposed. The PE oversees this process, 

ensuring that twin suggestions never violate pressure limits or other operational constraints, which 

are hard-coded in the optimization and subject to human review. 

 

Example (Electrical — Data Center Thermal Management) 

 

A data center uses a twin to balance cooling efficiency and power usage. The twin incorporates 

an FEA-based model of server heat distribution and an ML model of cooling fan performance. In 

real time, it predicts server inlet temperatures and power usage effectiveness for different fan 

speeds and air conditioning setpoints. An AI control algorithm uses the twin to adjust cooling 

incrementally, maintaining server inlet temperatures below hardware limits while reducing energy 

consumption. The facility engineers monitors twin predictions against actual conditions daily to 

ensure model drift does not compromise this safety–efficiency balance. 

 

Ensuring Safety & Performance 

 

In both design and operations contexts, digital twin usage is bounded by engineering oversight. In 

design, PEs continue to apply required safety factors — if the twin indicates a pipe will just meet 

pressure requirements, a code-mandated margin is still applied. In operations, setpoints derived 

from twin optimization are implemented gradually and with fallback plans: for example, a new 

HVAC control schedule suggested by the twin might first be tested on a mild day, with occupant 

feedback collected before full deployment. This cautious integration ensures that the twin's 

theoretical optimizations translate to real-world improvements without unintended 

consequences. 
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Module 6: Risk Management — FMEA & Configuration Control 

 
Overview: Even the best digital twin can introduce risk if not properly managed. This module 

turns the lens on the digital twin itself, using risk-based methods to anticipate failure modes and 

plan mitigations. We introduce performing an FMEA (Failure Modes and Effects Analysis) on 

digital twin usage — identifying how model errors or misuse could impact decisions — and 

describe how to mitigate those risks. We also reinforce configuration control: managing model 

changes and version history to avoid errors such as using an outdated or unvalidated model for a 

critical analysis. The objective is to ensure that incorporating digital twins into engineering 

practice does not inadvertently introduce new hazards or degrade the safety of decisions. 

 

6.1 FMEA of Digital Twin Integration 

 

PEs can treat the digital twin and its recommendations as a component in the overall engineering 

system, subject to potential failure modes. By performing a systematic FMEA, potential twin-

related failures and their consequences can be identified and mitigated proactively. The table 

below presents a simplified FMEA for common digital twin risks. 

 

Potential Digital 

Twin Issue 

Potential 

Effect 

(Consequence) 

Likelihood Detection 

Difficulty 

Mitigations (Controls) 

Model drift (twin 

deviates from 

reality over time) 

Twin gives 

misleading 

predictions; 

inefficient or 

unsafe actions 

may be taken if 

not caught. 

Moderate (if 

process 

changes 

slowly) 

Moderate 

(drift can start 

subtle if not 

monitored) 

Implement error 

monitoring; schedule 

periodic recalibration; 

alarm if model error 

exceeds threshold. 

Out-of-range 

extrapolation (twin 

used beyond 

validated domain) 

Predictions 

may be invalid, 

risking poor 

decisions (e.g., 

undersized 

equipment or 

unstable 

control). 

Low (if 

operators are 

trained), but 

possible in 

rare extremes 

Hard (twin 

may still 

produce a 

numerical 

output 

without 

flagging the 

issue) 

Build input guards: twin 

flags scenarios outside 

training range; require 

engineer review for 

novel conditions; 

maintain conservative 

design buffers for 

unknowns. 

Operator/engineer 

over-reliance on 

twin (automation 

bias / 

complacency) 

Could 

implement a 

twin suggestion 

without cross-

check, possibly 

violating code 

Moderate 

(automation 

bias is well-

documented; 

likelihood 

rises without 

Detectable 

with process 

controls (peer 

review, sign-

off 

requirements) 

Provide thorough 

training on twin intent 

and limits; enforce peer 

review or sign-off for 

twin-driven changes; 
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Potential Digital 

Twin Issue 

Potential 

Effect 

(Consequence) 

Likelihood Detection 

Difficulty 

Mitigations (Controls) 

or missing an 

anomaly. 

training and 

process 

controls) 

emphasize that the twin 

is advisory only. 

Software/hardware 

failure of twin 

platform 

Twin 

unavailable; if 

no fallback 

method exists, 

operations 

must revert to 

manual 

methods. 

Low Immediate 

(no output 

produced) 

Ensure manual fallback 

procedures are 

maintained; design 

controls to fail-safe if 

twin goes offline; keep a 

backup copy of all model 

data and documentation. 

 

Table 1 — Simplified FMEA for Digital Twin Usage 

 

The highest-risk scenarios are typically undetected model drift and automation bias — both of 

which are mitigated primarily through continuous monitoring, mandatory human review steps, and 

a strong organizational culture that treats the twin as advisory, not authoritative. Configuration 

control (Section 6.2) directly addresses risks arising from unmanaged model updates. 

 

6.2 Configuration Control of the Twin Model 

 

All modifications to the twin — model parameters, surrogate retraining, software updates — must 

be controlled and documented, consistent with ISO 9001 requirements for controlled changes. 

Best practices include: 

 

• Version log: Maintain a dated log of all model updates, documenting what changed, who 

approved the change, and the validation results demonstrating continued accuracy. 

Example entry: 'Twin v1.2 — Updated pump curve following impeller replacement; 

validated against 10/2026 data; maximum error < 3%.' 

• Single validated version for critical use: Ensure that only the latest validated model 

version is used for critical analyses or live deployment. Where multiple versions exist (e.g., 

a candidate surrogate under testing), label them clearly and restrict their use until validation 

is complete. 

• Digital twin platform integration: Where possible, incorporate model management into 

a digital twin platform that automatically tracks versions and can roll back to a prior version 

if a change degrades performance. 
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• Transparent communication with collaborators: When sharing twin results or 

collaborating with external parties, communicate model assumptions, valid operating 

range, and last calibration date clearly, so the model is not applied outside its validated 

scope. 

 

6.3 Risk Culture & Professional Practice 

 

Introducing a digital twin into an engineering workflow should be treated as introducing any new 

process or component — with a risk assessment and mitigation plan prepared in advance. For 

example, before incorporating a twin into a chemical plant control room, offline scenario tests 

should establish whether operators can identify and override a bad twin recommendation, and 

whether alarms are in place to catch model failures. A conservative rollout — beginning with 

purely advisory use, then progressively increasing reliance as confidence builds — is prudent for 

safety-critical applications. Documenting this risk analysis, as illustrated by the FMEA above, 

demonstrates compliance with the engineer's professional obligation to foresee and mitigate 

potential hazards. 

 

Key Principle: By proactively analyzing failure modes and strictly controlling model 

configuration, engineers ensure that the digital twin enhances system reliability rather than 

becoming a source of risk. This risk-based, documented approach cements the twin as a robust 

engineering tool fully aligned with the organization's quality and safety culture. 
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Module 7: Communication, Documentation & Professional Defensibility 

 
Overview: Even the best analysis has little value if it is not communicated clearly or backed by 

thorough documentation. The final module addresses how to report and document digital twin 

findings in a manner that stakeholders and regulators can trust. We cover effective communication 

of complex model results — presenting them accessibly for decision-makers without losing critical 

nuance — and what documentation to maintain (model assumptions, V&V report, change log) to 

defend the work in audits or project reviews. This ensures the digital twin's role in decisions is 

clear, transparent, and traceable, fully aligned with professional standards of practice and 

engineering ethics. 

 

7.1 Communicating Results & Assumptions 

 

Begin by presenting the key insights, always accompanied by appropriate context. For example: 

'The twin predicts a 15% energy reduction by implementing control strategy X, while maintaining 

all temperatures within safe limits' — this addresses performance and safety upfront. Follow with 

the assumptions and uncertainties: 'This assumes maximum occupancy of 100 persons; higher 

occupancy may change the result.' Use visuals — charts with model versus actual comparisons, 

simple system diagrams — to help stakeholders understand what the twin is depicting. Address 

the question 'How confident are we?' directly by communicating error bounds and safety 

margins. For example: 'The twin predicts a peak pressure of approximately 90 psi. We have 

designed to 100 psi to cover model uncertainty and unforeseen factors.' Candor about uncertainty 

builds, rather than diminishes, stakeholder confidence by demonstrating that conservative 

engineering practice remains intact. 

 

7.2 Documentation & Traceability 

 

Maintain a Digital Twin Technical Dossier as part of the project record. Key elements include: 

 

• Model Description & Scope: Describe the physical processes modeled, the ML surrogates 

used, and the validated operating range (e.g., 'valid for flows up to 500 m³/h, temperatures 

from 0°C to 200°C'). 

• Verification & Validation Summary: Include tables or plots comparing model 

predictions to test data or established reference methods, with dates and model version 

numbers for full traceability. 

• Assumptions & Limitations: Clearly list all simplifications made (e.g., 'radiation heat 

transfer excluded — negligible for this application') and known limitations (e.g., 'not 

validated for transient startup behavior'). This protects future users from inadvertently 

applying the twin outside its validated scope. 
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• Revision History: Log all updates to the twin (see Module 6 configuration control), 

including the reason for the update, the responsible engineer, and the resulting validation 

outcome. 

 

7.3 Professional Defensibility 

 

If an engineering decision influenced by a digital twin is ever challenged — for example, if a 

design performs differently than predicted, or a cost projection is questioned — strong 

documentation supports the engineer. It demonstrates that a diligent process was followed: the 

twin was validated, recommendations emerged from rigorous analysis, and prudent safety margins 

were applied. This is analogous to maintaining organized hand calculations and test records in a 

design review. Engineers should also retain raw data (sensor logs, ML training data), 

computational scripts and model configurations, and version-controlled model files so that 

results can be independently reproduced if required. Many engineering organizations require that 

a PE review and formally sign off on critical simulation results before they are used for design 

decisions — the same standard of care that applies to engineering drawings and specifications. 

 

7.4 Closing Thoughts 

 

The emergence of AI-enabled digital twins represents a powerful evolution in engineering practice. 

By combining robust physics understanding with intelligent data-driven methods, PEs can achieve 

designs and operations that are safer, more efficient, and more thoroughly vetted than has 

historically been possible. However, these tools do not replace the fundamentals: verification, 

sound judgment, and ethical responsibility must underpin their use. Armed with the knowledge 

from this course, an engineer can confidently deploy digital twins as powerful allies in problem-

solving — while always holding paramount the safety, health, and welfare of the public, which 

remains our paramount obligation as licensed professionals. 
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