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ABSTRACT

This article proposes and illustrates a multimetric evaluation template for digital twins based on machine learning
in critical engineering applications using an example as a specific testbed for discussing unified assessment principles.
We analyze this concept through the lens of a particular and relevant example: the performance of a hybrid vehicle
during homologation tests for transient emissions. In this scenario, ML models must not only optimize efficiency but also
ensure strict compliance with environmental regulations in dynamic, operating modes. The case illustrates the complexity
that arises when attempting to unify requirements for accuracy, fault tolerance, adaptability, and regulatory compliance,
providing a framework for exploring how a unified evaluation system can lead to a more consistent and reliable integration
of ML into critical systems. Test data of emission tests on a Hybrid vehicle was used to train a Random Forest model.
Different sets of input parameters illustrate some of the capabilities and limitations of using Al. Shapley values were used
to discuss some of the Al model characteristics and limitations. Using as input parameters only Vehicle speed, Acceleration,
and Battery State of Charge (SoC) allowed the digital twin to achieve R2 0.80. Inclusion of Internal Combustion Engine oil
temperature increased the model R2 to 0.97 and curiously changed the ranking of the other input parameters. SoC, which
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was the most influential in previous cases, went down to almost negligible impact on the model results. Despite reaching a

quite high R2 of 0.97, the model can miss important aspects of the physical system without Human expert supervision.

Keywords: Artificial Intelligence; Machine Learning; Dynamic Vehicle Simulation; Vehicle Electrification; Multimetric

Evaluation

1. Introduction

Artificial Intelligence, and in particular machine learn-
ing (ML) tools, are becoming a cornerstone of innova-
tion; their integration into critical areas, from healthcare
to autonomous systems, promises significant breakthroughs.
However, this integration also creates serious problems, as
the consequences of failures in such systems can be catas-
trophic. Despite the growing reliance on ML, current meth-
ods of evaluating effectiveness often remain fragmented
and specific to particular domains. Different application
domains prioritize various performance metrics, validation
procedures, and reporting standards, complicating the com-
parison of models, certification, and the establishment of trust
across domains. Although several normative and method-
ological frameworks have been proposed, such as ISO/IEC
standards!'), the NIST AI risk management framework %),
or reporting recommendations for specific domains, there
is still no widely accepted operational template that inte-
grates general principles of assessment with specific, applied
practices for particular fields.

The challenges faced by developers and regulators of
ML are significantly complicated by industry-specific re-
quirements. Each critical sector—whether it be autonomous
driving, medical diagnostics, financial forecasting, or energy
management—has its own unique set of success criteria, er-
ror margins, and regulatory obligations. This specialization,
although necessary for adapting machine learning to spe-
cific needs, is characterized by significant discrepancies in
evaluation methods. For example, in the medical field, the
effectiveness of a model is determined by sensitivity, speci-
ficity of the diagnosis, and the degree of explainability for
clinicians, while in the energy sector, the main criteria are
system stability and accuracy of demand forecasting. Such
diversity of criteria complicates the comparability of models
across domains, making it impossible to develop universal
metrics for reliability, safety, and fault tolerance.

In the automotive industry, and particularly in emis-

sions testing of hybrid vehicles under transient conditions,
the issues mentioned before are especially pronounced. Hy-
brid powertrains operate in high-dynamic modes, balanc-
ing the operation of internal combustion engines, electric
motors, energy regeneration, and battery management. Ma-
chine learning-based digital twins have emerged as a promis-
ing tool for supporting the analysis and prediction of emis-
sions in such conditions, offering scalability and flexibil-
ity compared to traditional calibration and testing methods.
However, without a structured and transparent evaluation
system, high predictive accuracy may conceal limited phys-
ical validity, poor generalizability, or hidden data dependen-
cies.

Consequently, there is a need to create a unified, flexi-
ble evaluation template that can be adapted to specific con-
texts. Multimetric templates tailored to specific subject
areas can streamline the development and reporting of ma-
chine learning systems while maintaining a consistent level
of trust, ethics, and regulatory compliance in critical appli-
cations. The lack of unification, in turn, creates the risk of
forming disparate, unverified systems that could undermine
trust in machine learning and reduce its transformational

potential.

2. Literature Review

2.1. Overview and the Need for Standardized
Evaluation Templates in Machine Learn-
ing

Machine learning models deployed in critical domains
should be evaluated along multiple dimensions, including
predictive performance, robustness to data shifts, data quality,
explainability, and, where appropriate, fairness and ethical
impact. Such a multidimensional aspect demands flexible
evaluation templates that combine general principles with
domain-specific instantiations. A range of quantitative indi-

cators covering various aspects of model performance, such
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as accuracy, precision, recall, F1 score, area under the ROC
curve (AUC), calibration, and generalization during data
splitting (e.g., cross-validation, holdout) ], For critical ar-
eas, additional metrics tailored to the specific needs of the
industry should be included (e.g., risk metrics for health or
fault diagnosis). To ensure a comprehensive comparison
of classifiers, multimetric frameworks have been proposed
that simultaneously evaluate models across several indica-
torsl. The F1 score is the harmonic mean of these two
metrics, making it particularly useful in situations where a
compromise is needed between a model’s ability to avoid
false positives and false negatives. The F1 score is a robust
criterion when working with imbalanced datasets, where
one class significantly outweighs the other. Unlike accuracy,
the F1 score is not distorted by class imbalance and better
reflects the true effectiveness of classification. The ROC
curve illustrates the relationship between the True Positive
Rate (TPR, or Recall) and the False Positive Rate (FPR). The
ROC curve allows for a visual assessment of the stability and
sensitivity of the model at various threshold levels, as well
as the simultaneous comparison of multiple models. The
ROC is independent of a specific classification threshold, in
contrast to the F1-score, which is based on a fixed thresh-
old for decision-making. AUC reflects the probability that
the model correctly distinguishes between a random posi-
tive and a negative example. AUC is independent of the
chosen threshold and provides a global assessment of the
model’s discriminative ability. While ROC offers a visual
representation, AUC provides a quantitative evaluation—the
closer to 1, the more effective the model; a value of 0.5 cor-
responds to a random classifier. LIME creates a simplified,
interpretable model (typically linear) around a specific in-
stance by artificially varying its input data. LIME provides
a comprehensible local explanation—demonstrating which
particular features have the most significant impact on an
individual prediction. It is focused on the local interpreta-
tion of individual cases, whereas SHAP allows for global
generalizations across the entire model. SHAP is based on
Shapley values from game theory, distributing the “contri-
bution” of each feature to the model’s prediction in a fair
and mathematically justified manner. SHAP provides both
local and global interpretation—meaning it explains indi-
vidual predictions as well as the overall structure of feature
importance. Unlike LIME, SHAP guarantees consistency

and fairness in feature importance assessments due to its
rigorous theoretical foundation (Shapley values).

Resilience to distributional shifts (covariate shifts) and
competitive examples is another important measure. A new
fundamental framework for assessing reliability emerges,
which goes beyond classical accuracy metrics and employs
theoretically grounded metrics such as Posterior Agreement,
offering a substantive analysis of distributional changes
prevalent in critical applications'. Methods of explainable
artificial intelligence (XAI) are increasingly recognized as
a key element in the evaluation of machine learning mod-
els, particularly in critical environments such as healthcare,
finance, and cybersecurity. Various post-hoc interpretation
methods (LIME, SHAP, counterfactual explanations) assist
in understanding the decisions of black-box models and are
essential for trust and regulatory compliance®®!. Proba-
bilistic assessment and decision lists offer alternatives based
on uncertainty that are more interpretable and suitable for
decisions critically important to safety[°].

The data utilized for training and testing machine learn-
ing models must undergo rigorous engineering processes to
ensure quality, completeness, consistency, and representa-
tiveness, as these factors influence the validity and reliabil-
ity of the model'%). Avoiding pitfalls such as data leakage,
which leads to overly optimistic estimates, is critically impor-
tant and should be standard practice!'!]. Similarly, standards
must consider bias and fairness considerations to prevent
the perpetuation of social inequality and discriminatory out-
comes[121,

Considering the diversity of domains, a unified struc-
ture should incorporate methods that allow for the adaptation
and generalization of domains, including transfer learning
and federated or decentralized learning to work with hetero-
geneous datasets and privacy constraints !> 13, Basic models
are promising due to their broad coverage and adaptability,
but they require evaluative metrics aligned with domain per-
formance, security, privacy, and relevance (!4,

Standardization in the development and reporting of
models is crucial for promoting reproducibility and compa-
rability. Clinical and industry standards, such as TRIPOD
(Transparent Reporting of a Multivariable Prediction Model
for Individual Prognosis or Diagnosis) and PROBAST (Pre-
diction Model Risk of Bias Assessment Tool), can be adapted
to machine learning settings for proper reporting and bias
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risk assessment![!# 131,

These checklists guide evaluation,
enabling stakeholders who are not experts to critically as-
sess machine learning models and ensure their accuracy and
reliability.

Data augmentation methods can address the issue of
data scarcity, which is a common limitation in critical appli-
cations. Techniques such as SMOTE (Synthetic Minority
Over-sampling Technique) and diversity-based perspectives
enhance data efficacy and model reliability'®]. However,
it is critically important to assess and mitigate potential bi-
ases introduced by data augmentation, especially when aug-
mented datasets are utilized for both training and testing.

Review!!”] shows that even in the financial market do-
main, researchers are moving toward evaluation patterns
built around an end-to-end workflow + set of metrics + re-
producibility recommendations, which is consistent with
our idea of a multi-metric evaluation template for digital
twins that combines general ML evaluation principles with
domain-specific interpretation for hybrid vehicles.

Ethical and socio-technical considerations are an inte-
gral part of the evaluation of machine learning models in
high-stakes domains. Insights from governance and incen-
tive structures in decentralized digital ecosystems, such as
blockchain-based systems!!3), together with frameworks for
fairness and bias mitigation in AI'"?], can inform the design
of collaborative evaluation practices that explicitly account
for ethics, privacy, and societal impact.

Recent research on the evaluation of machine learning
(ML) in safety-critical domains emphasizes that no single
performance metric is sufficient to characterize model be-
havior, particularly when regulatory compliance and human
oversight are required. Instead, multimetric templates are
recommended, combining accuracy, calibration, robustness

to distributional shifts, and uncertainty assessment, to en-

compass various failure modes of the model and to support
risk-aware decision-making. Concurrently, several works on
Al explainability and data quality assessment argue that eval-
uation should jointly consider the quality of the underlying
dataset, the stability of explanations, and potential fairness
issues, rather than treating them as separate checks applied
in isolation.

In the automotive and transportation sectors, research
on digital twins and predictive maintenance increasingly re-
lies on ensemble models, such as random forests or gradient-
boosted trees, along with local explanation methods (e.g.,
SHAP) to interpret the behavior and emissions of the pow-
ertrain. These contributions typically optimize models for
specific tasks or driving cycles and report a limited set of
metrics (e.g., R> and RMSE), while aspects such as data
quality indicators or systematic robustness checks are dis-
cussed only qualitatively. This article builds upon this body
of work, offering a structured evaluation template with mul-
tiple metrics and illustrating it through a specific case study
of hybrid vehicle emissions testing, clearly linking general
metrics and explanation tools with domain-specific choices
of input signals and operating modes.

As discussed before, there is a need for a comprehen-
sive toolkit for their evaluation to overcome the fragmenta-
tion of approaches and ensure progress in the development
of reliable and ethical machine learning systems in critical
domains. In this context, Tables 1-4 present a systematic
review of the key performance metrics, data quality indica-
tors, methods for ensuring explanations and fairness, as well
as correlation metrics. The tables outline advantages and
limitations, and most importantly, potential areas for further
enhancement and contextual application, which could serve
as a foundation for the development of unified, adaptive, and

integrated frameworks for evaluation.

Table 1. Data Quality Indicators.

Metric Advantages Disadvantages Potential Improvements
Missing Simple Data Does not affect the Employ imputation strategies, data cleaning, or feature engineering to
values % Quality Control model. address missing values; collect more data whenever feasible.

It is important in
classification.

It is challenging to

Label noise
accurately assess.

Use robust learning algorithms, anomaly detection methods for labels,
and ensembles to mitigate the impact of noise; consider soft labels.

Accumulated
Error %

Helps to assess

It may be subjective.
accuracy

Use of outlier detection methods (e.g., Isolation Forest, Local Outlier
Factor), robust algorithms, data transformation, and analysis of error

causes.
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Table 2. Data Clustering Methods.

Metric Advantages Disadvantages Potential Improvements
. . . Combine with visual analysis (e.g., ?-SNE,
. Measures the density of It can be misleading due to L 2y ( &
Silhouette . . . . UMAP visualization). Consider other internal val-
clusters and their separation;  the aggregation of incorrect ., . . L. .
Score . L. idation metrics (e.g., Calinski-Harabasz, Davies-
values range from —1 to 1. shapes or varying densities. . .
Bouldin) or external ones, if they are true.
Does not always correlate . s . . .
. ays o€ Combine with visual analysis. Experiment with
. A lower value means better with the intuitive . . . . .
Davies- . « ,,  various clustering algorithms, as this metric may
. clusters (more compact and understanding of “correct . .
Bouldin Index . .- favor certain cluster structures. If possible, con-
better separated). clustering; may be sensitive . A .
sider external validation metrics.
to the shape of clusters.
Table 3. Classification Metrics.
Metric Advantages Disadvantages Potential Improvements
Ease of interpretation, o Use in conjunction with Precision, Recall, F1-Score, or ROC
. Sensitivity to class . . .
Accuracy general understanding of imbalance AUC, especially for imbalanced datasets. Consider the cost
quality of errors.
It is crucial to consider the .
. Evaluate alongside the Recall or F1-Score for a comprehen-
.. implications of a false Ignores false . . . .
Precision .. . . sive understanding. Assess the impact of false negatives and
positive result (medications, negative results

safety) at a high cost. false positives on the business.

Evaluate in conjunction with Precision or F1-Score. Deter-
mine the impact of false negatives and false positives on the
business.

It is important for the price
Recall of high throughput (false
negative result)

Ignores false
positive results

Balance in tasks with It is challenging to ~ Consider the F-beta score (Fp score) when one type of error

F1-score . interpret out of (precision or recall) is more critical. Supplement the ROC
imbalanced classes RO ..
context. AUC for overall discriminative ability.
. Complex Supplement with precision and recall curves (PRC AUC) for
AUC-ROC G.O od eval}latlon of the interpretation in highly imbalanced datasets. Establish decision thresholds
quality at various thresholds. ) . .
multiclass tasks based on specific business costs.

Table 4. Metrics for Evaluating Machine Learning Models.

Metric Type Metric Advantages Disadvantages Potential Improvements

Highly sensitive Use of RMSE for enhanced interpretation. Consider

Order for large . the significant probability of substantial anomalous
MSE o to localized > N .
deviations errors variation (MAE) for critical issues. Investigate the
Regression application of robust regression methods.
Easier to Still sensitive to Use MAE if the tolerance to deviations is critical.
RMSE . . Analyze the residuals graphs to understand the dis-
interpret localized errors oo
tribution of errors.
Radiation Tenores laree Use in conjunction with RMSE to understand the
TIIS/ATIS . gnores farg impact of larger errors. Consider Huber loss as a
resistant deviations . . ..
smooth and robust alternative during training.
. Use the adjusted coefficient of determination (R*-)
A good Can be negative, . . . . .
2 . . . to penalize excessive predictors. Examine residual
R interpretation of depending on . . .. .
. plots for linearity, homoscedasticity, and indepen-
model quality the range of data
dence of errors.
. .. isuali t g tt lot: fore int ta-
Simplicity, a Does not Ylsua ize Qa a (e.g., sca er plo s).be ore interpreta
. tion. Consider other coefficients if the relationship
Correlational Pearson well-known account for . . . .
. . . is non-linear or if there are outliers. Check for nor-
metric non-linearity

mality.
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Table 4. Cont.

Potential Improvements

Use when the relationship is monotonic but not nec-
essarily linear, or when the data contain outliers.
Well-suited for ordinal data.

Use for ordinal data or when a reliable measure of
monotonicity is required. Often employed as an
alternative to Spearman’s method, especially with a
large number of tied ranks.

Use strategic sampling (stratified coefficient of vari-
ation), increase number of folds, repeated coeffi-
cient of variation to reduce the variance of the esti-
mate and obtain more reliable confidence intervals.

Regularly update external test data; monitor model
performance post-deployment (MLOps); adapt do-
main when data distribution changes.

Develop metrics for quantitative assessment of ex-
planation stability; visual analysis of explanations
for clusters of similar instances; use ensemble ex-

Metric Type Metric Advantages Disadvantages
Resistance to
. Less
Spearman monotonie interpretable in
Correlational P nonlinear
. . absolute values
relationships
Tau Kendall More reliable for Computatlonz.illy
small samples more expensive
B Stability of Pr0V1d.es insight ~ Computationally
Stability and Cross-Validation into complex for
Generalizability generalizability large datasets
Extf:rnal Realistic Data often
effectiveness
. assessment absent
testing
Interpretation Consistency of Ensures Resource-
and Reliability SHAP/LIME Transparency Intensive

planatory methods; check for contradictions in ex-
planations.

Indicators of

fairness (e.g.,

demographic
parity)

Important for
critically
essential areas

More group data
is needed

Establish a clear definition of fairness for each
domain; employ bias reduction methods (pre-
processing, in-process treatment, post-processing);
regular audit of model fairness; engage subject mat-
ter experts and representatives from the groups af-
fected by the model.

In the field of machine learning and artificial intelli-
gence, standards play a crucial role in ensuring reliability,
safety, transparency, and ethics. Although there is no univer-
sal “single standard” for machine learning due to its rapid
development and diversity of applications, there are a number
of initiatives, recommendations, and regulatory frameworks
that form the foundation for responsible development and im-
plementation. One of the first intergovernmental standards
for responsible Al is the OECD principles on Al, adopted by
OECD member countries. They encompass inclusive growth,
sustainable development, human values, transparency, ac-
countability, safety, and privacy. The Al Risk Management
Framework (AI RMF), developed by the National Institute
of Standards and Technology (NIST) in the United States,
serves as a voluntary guide for managing Al risks, includ-
ing bias, safety, and transparency. International standard
ISO/IEC 23053:2022 “Framework for Artificial Intelligence
(Al) Systems Utilizing Machine Learning (ML)”[!l: De-
scribes the architecture and components of Al systems that

employ ML, providing a foundation for their understanding

and interaction. The European Union’s Artificial Intelligence
Act—This legislative proposal represents the world’s first
attempt to comprehensively regulate artificial intelligence
by classifying systems according to their risk level and es-
tablishing stringent requirements for “high-risk” systems,
which are often based on machine learning.

The analysis of existing machine learning standards un-
derscores the necessity for a comprehensive evaluation of
performance, explanations, data quality, domain adaptation,
standardized reporting, and ethical considerations. Therefore,
there is a need not for a single universal standard that encom-
passes all possible applications of machine learning (ML), but
for evaluation templates that take into account the specifics of
the subject area, yet are structured and can be developed under
specific critical conditions. In this case, we focus on one such
instance—the assessment of transient emissions from hybrid
vehicles based on digital twins—and use it as a specific testing
ground for discussing unified evaluation principles.

Tables 14 provide a comprehensive overview of as-

sessment tools that are relevant to numerous significant ma-
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chine learning programs, including data quality metrics, clus-
tering and classification metrics, regression and correlation
metrics, as well as criteria for interpretability and fairness.
This general overview is intended as a toolkit: various subject
areas will develop only those elements that are meaningful
for their specific tasks, data structures, and risk profiles.

The integration of machine learning (ML) systems in
the performance assessment of hybrid vehicles, particularly
during transient emissions testing, represents a critical ad-
vancement in the field of sustainable transport design. Tran-
sient emissions testing simulates real-world driving condi-
tions, such as those stipulated by regulations concerning real
driving emissions (RDE). Hybrid powertrains must balance
fuel efficiency, reduction of pollutant emissions, and energy
management under varying load and speed conditions. Tra-
ditional calibration methods for these systems often rely on
hardware-in-the-loop (HiL) testing or portable emissions
measurement systems (PEMS), which are resource-intensive
and limited in scalability.

In this paper, we operationalize a targeted subset of the

proposed multimetric by:

e  From the measurement of data quality (Table 1), we ap-
ply handling of missing values and basic screening for
outliers in variables related to emissions before model
training.

e  From regression and correlation metrics (Tables 3 and
4), we utilized R?> and MSE as primary performance
indicators, supplemented by Pearson and Spearman co-
efficients to characterize the relationships between input
variables (vehicle speed, acceleration, Battery State of
Charge, temperatures) and the target power share. To
evaluate the model’s capability to be used in different
test cycles, we also used the accumulated error of the pre-
dicted output, CO, emissions, at the end of the test cycle,
since such a value is used for vehicle homologation.

e  For interpretability and reliability (Table 4), we cre-
ated feature attribution based on SHAP to analyze how
the model distributes importance among the input data
and how the introduction of additional input parameters,

such as engine oil temperature, affects the model results.

Clustering metrics were not utilized, as the case study
was a supervised regression rather than unsupervised pat-

tern detection, and classification metrics (accuracy, preci-
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sion, recall, F1) are not applicable to the continuous power
distribution target. Other elements in Tables 1-4, such as
classification metrics, fairness indicators, or formal bias au-
dits, are included in the overall template for critical machine
learning systems but were not explicitly applied in this case
study of hybrid vehicles.

The research exemplifies the transition from a general
framework to a specific case of emission tests of a hybrid ve-
hicle, discussing how the proposed multimetric template can
be tailored to a particular engineering domain, without claim-
ing universal applicability to all potential critical systems of

machine learning.

2.2. Hybrid Vehicles and Emission Test

A Multimetric evaluation template for digital twins
that incorporates standardization methods addresses the dis-
cussed issues by enhancing forecasting accuracy, reducing
uncertainty, and ensuring the reliability of emission predic-
tions. This is particularly relevant as the transportation sector
accounts for approximately 25% of global greenhouse gas
emissions, underscoring the necessity for robust machine
learning models to optimize hybrid vehicles to minimize car-
bon footprints and comply with regulatory requirements '8,
By combining an internal combustion engine (ICE) with
one (or more) electric motors (EM), hybrid vehicles possess
smaller electric batteries, are less expensive, exhibit reduced
dependence on infrastructure, present an alternative for de-
creasing CO, emissions, and occupy a significant market
share globally, see Figure 1.

The development of a unified machine learning (ML)
system for testing emissions of hybrid vehicles typically in-
volves modeling approaches that combine data-driven meth-
ods with physical modeling. An important feature of ML
algorithms is their ability to dynamically improve or “learn,”
which occurs concurrently with the increase in the volume
of available data. Currently, the primary machine learning
algorithms commonly employed in the testing of hybrid ve-
hicles for transient emissions of pollutants are as follows,
see Figure 2.

The selection of a specific algorithm depends on the vol-
ume and quality of available data, computational resources,
accuracy requirements, interpretability, and model speed.
Hybrid approaches are often employed, or multiple algo-

rithms are compared to achieve optimal results.
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Estimated market-share trends: BEV, xHEV, ICE (2020-2025)
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Figure 1. Market Share of Hybrid Vehicles.
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Source: Adapted from Tomanik et al. and Ganesh and Xu['-2),

For effective modeling and forecasting of complex dy-
namic processes, a variety of algorithms are proposed that
combine different approaches to data processing—from neu-
Such al-
gorithms include Recurrent Neural Networks (RNN), Long

ral architectures to ensemble statistical models.
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Short-Term Memory networks (LSTM), and Gated Recurrent
Units (GRU), as well as ensemble methods such as Extreme
Gradient Boosting (XGBoost), and statistical approaches
represented by Support Vector Regression (SVR).
Algorithms such as RNN, LSTM, GRU, XGBoost, and
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SVR represent various approaches to modeling and forecast-
ing, each with its own advantages and specific data process-
ing requirements. RNN (Recurrent Neural Network) effec-
tively captures temporal dependencies in sequential data by
retaining information about previous states.

However, the mentioned algorithms have limitations in
reproducing long-term dependencies due to the “vanishing
gradient” problem. LSTM (Long Short-Term Memory) ad-
dresses this limitation through memory cells and information
flow control mechanisms. Stability and the ability to model
long-term temporal dependencies are its strengths, making it
suitable for forecasting complex dynamic processes. LSTM
(Long Short-Term Memory) addresses this limitation through
memory cells and information flow control mechanisms.

Stability and the ability to model long-term temporal depen-

dencies are its strengths, making it suitable for forecasting
complex dynamic processes. Unlike neural networks, XG-
Boost (Extreme Gradient Boosting) implements an ensemble
approach based on decision trees. Its key advantages include
high accuracy, resistance to overfitting, and interpretability.
The algorithm is particularly effective for tabular data and
tasks of classification or regression. The SVR (Support Vec-
tor Regression) algorithm, based on the theory of support
vectors, effectively models nonlinear dependencies using
kernel functions. It is characterized by high accuracy on
small samples and robustness to outliers, although it is less
scalable for large datasets.

After the creation of a machine learning model, the
process typically unfolds in several sequential stages, see

Figure 3:
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Figure 3. Stages of Creating a Machine Learning Model: (a) General; (b) As Used in This Work.
In this work, a standardized dynamometer highway electrical motor to the total power demanded by the vehicle,

driving cycle (HWFET) was used as example to assess the which points out how much power from the internal com-

Power Share (PS), i.e., the instantaneous power ratio of the bustion engine (ICE) is necessary to complement the electric
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power of a Hybrid Vehicle.

The hybrid Vehicle PS is so significant for emissions
results that it is covered by the test standard SAE J1711[21,
that determines the vehicle in-cycle measurement in both
conditions: Charge Deplete (CD), in which the vehicle oper-
ates in electric mode (except if ICE is demanded to follow
the cycle speed profile), and Charge Sustain (CS), in which
the battery State of Charge (SoC) should be kept inside a
determined range. Vehicle emissions and fuel economy are
considerably different in these two operating modes, and
this difference is strongly dependent on PS. The higher the
electric motor power, the higher the energy recovery during
vehicle deceleration and consequently the lower the depen-
dence on ICE, which has considerably lower efficiency than
an electric motor. Additionally, the emissions (CO, and pol-
lutants) shared between CD and CS modes depend on the
vehicle’s electric range, which is directly determined by bat-
tery capacity. Higher electric ranges result in higher charge
depletion influence on final results. The PS influence is al-
ready observed in Real Drive Emissions (RDE) tests, which
cover urban, rural, and road conditions[?% 23!,

Utilizing data from the 2021 Toyota RAV4 Prime pro-
vided by the Argonne National Laboratory (ANL), a ran-
dom forest model was trained and validated to predict the
instantaneous Power Share based on instantaneous driving

parameters such as vehicle speed, acceleration, and battery

state of charge.

3. Materials and Methods

Based on the multimetric evaluation template described
in Section 2.2, this thematic study focuses on a random forest
model that predicts the instantaneous power distribution be-
tween the electric motor and the internal combustion engine
in a plug-in hybrid vehicle during a standardized emissions
test on a dynamometer. In this section, we outline the dataset,
the selection of input variables, as well as specific data quality
checks, performance metrics, and explanatory tools applied
in this case. A machine learning, Random Forest, model
was selected for its good balance of accuracy, simplicity,
and computer cost. Random Forest is a common machine
learning meta-estimator that fits a number of decision tree
regressors on various sub-samples of the dataset and uses
averaging to improve the predictive accuracy and control
over-fitting. See more details in Scikit-learn developers 241,

Random Forest has the advantage of working well with-
out the need to normalize the data. In the code used in this
work, the best model is defined by the one with the highest R.
The Al model is an upgrade of the one used in previous au-

25,261 and it was written in Python, using libraries

thor works
Pandas, Numpy, Seaborn, and Scikit-Learn, and runs in the

Jupyter Lab inside the Anaconda Software, see Figure 4.

Import Phyton

libraries

H(

Read file
“‘RF_InputJ”

Read data
set file (s)

—

Calculate Spearman,
Pearson correlations

le—

Eliminate data lines that
contains "Nan" and apply
filtering

v

Train the Machine Learning Model

Model

Test the trained Machine Learning

’ Calculate Shapley values

Use the trained model to predict a
different dataset

[

Save output xls file with tabs containing
the configuration, model results and

auxiliary plots

Figure 4. Code Flowchart.
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To reduce the inherent risks associated with hard-
coding configuration parameters directly into the script and
to facilitate a more robust organizational structure, the code
reads a dedicated input file called “RF_Input)” where the
user defines the dataset file name, input parameters, etc. This
input file serves as a comprehensive configuration manifest
containing detailed information such as the specific name of
the data set being processed, the ratio of training/test, the col-
umn numbers that contain the parameters, and other relevant
processing directives, see Figure 5. This approach central-
izes all critical operational settings, thereby eliminating the
need to directly modify the code when configuring parame-
ters for different runs or data sets. This greatly reduces the
potential for human error and increases the maintainability
and reusability of the code base.

After successful execution, for better documentation,
the code stores a copy of the input file and all generated
results. This includes the primary analytical results, key vi-
sualizations and graphs summarizing the findings, and, most
# dataset used for training

File Name RV4 Hwy 4013.xlsx

importantly, a complete record of the specific conditions un-
der which the run was performed. This careful recording of
run conditions is vital to ensure full reproducibility, facilitate
accurate tracking of results, and enable effective compari-
son between different experimental runs or model iterations.
Such organized management of results not only simplifies
subsequent analysis but also supports strict version control
and auditing of research results.

The code also calculates the SHAP (SHapley Additive
exPlanations) values, which assign to each variable an impor-
tance (SHAP value), indicating how much it contributes to
increasing or decreasing the model’s prediction for a specific
observation 7).

The code was applied to datasets of vehicle tests car-
ried out and published by the Argonne National Lab[?®! in
a Hybrid vehicle, the 2021 Toyota RAV4 PRIME. Figure
6 illustrates the key characteristics of the vehicle. Figure 7
and Table 5, reproduced from the Toyota manual, overview
the operation of the EV and Hybrid driving modes.

Input Columns 2,5,6,117,258 #indexes of the columns containing the input parameters

Qutput Column 106 # column index containing the target parameter

Train/Test Split 0.7 #ratio of training

Random State 42 # seed for the Randomiinitialization column indexes:

RF_n_estimators 10-100:2 # range for the optimization loop {start-end: step) 2 km/h

RF_max_depth None #Number or None 4 torq

RF_random_state 42 #Model seed 5 Acc

Filter Condition # optional: filters applied to the dataset 6 PS Power Split (eM/Total)

SHAP Dependence Feature Power Split (eM/Total) #feature used in Shap dependence plot 77 T_oil Engine_Oil_Dipstick_Temp[C]
101 THC AMA _Dilute_THC[mg/s]
102 CH4 AMA _Dilute_CHA[mg/s]
103 NOx AMA_Dilute_NOx[mg/s]
106 CO2 AMA Dilute_CO2[mg/s]
117 pedal_accel pos_CANZ_per
253 HVBatt_refrigerant duct1_outlet_temp_BECM[C]
258 SoC
303 Cataly T

Figure 5. Input File Defining the Parameters of Each Case Run.
Note: The indices in the “input columns” identify the parameters (“km/h”, “Acc”, etc.). The other lines are the “target” to be predicted (CO; in the example) and the applied
code options.

L)

Figure 6. Key Characteristics of

Engine: 2.5-liter, 14, DI and PFI

177 hp @ 6,000 rpm; 165 |b.-ft. @3,600 rpm
Electric Powertrain: Plug-in Hybrid (42 mi EV Range)
AWD w/Permanent Magnet Rear Motor
MG1/MG2: 134 kw, 270 Nm

MGR: 40 kW, 121 Nm

Battery: Li-lon 355. 2V, 51 Ah (18.1 kwh)
Transmission: Electronic Continuously Variable

Final Reduction Ratio (Front / Rear): 3.412 /10.718

oyota RAV4 2021 Tested at ANL>.
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© Plug-in Charging @ Normal Driving © Hard Acceleration @ Starting © Normal Driving @ Acceleration @ Deceleration © Stopping
4 e Vo) - 10) ¥ () ’ _a  —— -14“,\' /
- - x = . . L - . - . oy ——~— L
Plug-in charging Electricity Electricity and gasoline Electricity Electricity and gasoline  Electricity and gasoline  Charging batteries Engine
(additional electricity automatically
extracted from batteries) stopped
EV Mode HV (Hybrid Vehicle) Mode

Figure 7. Toyota Driving Modes.

Note: Reproduced from the Toyota manual 2%,

Table 5. Toyota RAV 4 Vehicle Driving Modes.

1. EV (Electric Vehicle) Mode

2. HV (Hybrid Vehicle) Mode

e A plug-in charge control system has been °
adopted, which allows electrical power to
be supplied to the HV high voltage battery e
from external power source, such as an
electrical socket or charger.

e  When the HV battery is sufficiently .
charged, the vehicle will basically run on
the power of the motor. °

e  Ifthe vehicle exceeds 135 km/h or
accelerates suddenly when traveling in EV
mode, the gasoline engine and motor work
together to power the vehicle.

During light acceleration at low speeds, the vehicle is powered by
the electric motor. The gasoline engine is shut off.

During normal driving, the vehicle is powered mainly by the
gasoline engine. The gasoline engine also powers the generator to
recharge the battery assembly and to drive the motor.

During full acceleration, such as climbing a hill, both the gasoline
engine and the electric motor power the vehicle.

During deceleration, such as when braking, the vehicle regenerates
the kinetic energy from the wheels to produce electricity that
recharges the battery assembly.

While the vehicle is stopped, the gasoline engine and electric motor
are off, however, the vehicle remains on and operational.

4. Results

It is worth noting that in the ANL tests, the vehicle was
tested with some defined emission tests and specific driving
strategies, not necessarily reproducing the vehicle’s real use,
e.g., avoiding the ICE to fully charge the battery. For the
training of the model, it is crucial, albeit not trivial, to select
appropriate input parameters that influence the output (“tar-
get” in Al jargon). For example, while CO, emissions are di-
rectly related to fuel consumption, other pollutant emissions
may be directly related to aftertreatment catalytic converter
temperature. While catalytic converter temperature is not
necessary as an input parameter for a digital twin predicting
CO,, it is crucial for predicting other pollutant emissions.
See discussion in Tomanik et al., Maria et al. and Krysmon

25,26,301 ' In general, the input parameters have been

et al.l
classified according to the systems of the vehicle. As for
other complex systems, the process of evaluating emissions
from hybrid vehicles is based on two interrelated stages: data
collection and subsequent analysis, see Figures 6 and 7. In

general, data collection would involve conducting emissions

measurements under various conditions, including simula-
tions, on test benches, chassis dynamometers, and through
on-board measurements in real-world operating conditions
of the vehicle. The obtained data would be subject to event
detection, to allow for their classification into critical and
non-critical sequences, see Figure 8. Additionally, the data
collection would include parameters that characterize the
model’s resilience, obtained during daily operations, includ-
ing actual routes and fleet inspections. In this work, we use
just a vehicle dynamometer emission test as an example.

The ANL file “62104013 Test Data” was used for this
particular study. According to the ANL site, the dataset
consists of 10 repetitions of the Highway emission cycle
(HWEFET). This specific data set consists of 78,263 lines and
318 columns. For better documentation and auxiliary plots,
the txt. file was converted into an Excel file, a fragment seen
in Figure 9. Some data cleaning and organization were done
to help speed up the pre-analysis. After input in the code, it
automatically filters the few lines (“instances” in Al jargon)
with missing values and other filters that the user chooses to
define.
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Verich Speed & Acceleration Engine Core Operation Powertrain -
‘ehicle Engine Control & Efficiency
Dynamics & Torque & Power Fuel System c Irlt:rn?_l
Performance Dynamometer & Chassis e ombustion
Emissions & Aftertreatment Engine (ICE)
Powertrain - Motor/G Np— High-Voltage (HV) System Powertrain -
or/Generator Operation
Electric Drive P Low-Voltage (12V) System Power
(Motor/ Thermal Management Electronics &
Generator) Component Temperatures 12V System
(HV) Battery Thermal State ngine Looing Management
System Cell Balancing & Health System
Braking Foundation Brakes Operation & Load HVAC
System Regenerative Braking Climate & Control System
Emissions Tailpipe Analysis Driver Controls Driver Inputs &
Measurement Test Cell Conditions Vehicle Status Vehicle State

Figure 8. Proposed Classification of Input Parameters.

Dyno_Spd Dyna_Tra Dyno_Lo Distance| Dyno_Spd Dyno_Trs Dyno_Lo Dyno_Spd Dyno_Lo Dyno_Tra DilAir_RH Tailpipe_

Cel_Tem Cell_RH[ Cell_Pres Tie_Fron Drive_Tra

[mph]  ctiveForc adCell[N] mi] _Front{m ctiveForc adCell_Fr _Rearmp adCell_Re ctiveForc [%] Press[inH plC] | glinHg]  t_Temp[C ce_Sched
&[N] ghl e_Front] ongN] h] ar[N] e_Rear[N 20] | ule[mph]
N] |

0002 -12583 -21214 0.001 0.002 -89613 36835 0 -24508 -297 166 -0.232 2145 61.289 29123 20225 o
0001 -12574 -212%4 0.001 0.001 -98625 3.232 0 -2452% -2543 1649 -0.27% 2145 61288 29123 2226 1]
0.002 -12558 -19908 0.001 0.002 2624 4.554 0 -24482 -254 1855 -0.3 21452 B1.287 29123 20228 1]
0002 -12534 -18372 0.001 0.002 9611 5.588 a -2388 -2583 1653 -0.307 21452 B1.285 29.123 2022 1]
0,002 -12619 -20.98 0.001 0.002 -9.652 3.092 0 -24072 -2967 1657 -0.273 21452 £1.285 29.123 20227 1]
0002 -12613 -X515 0.001 0.002 8621 3628 0 -2143 -2891 1851 -0.253 21452 61.286 2123 20228 o
0002 -12604 -227E83 0.001 0.002 -9 608 2749 0 -X%531 -288§ 1654 -0.263 21452 61.286 2123 20227 o
0002 -12647 -18721 0.001 0.002 -9 608 4 984 0 -12705 3038 1689 =0.243 21452 61.288 X123 20228 o
0002 -12827 -2761 0.001 0.002 -9.608 3654 0 -24415 3015 1852 -0.248 21452 6£1.3285 29123 2023 1]
0002 -12645 -19137 0.001 0.002 -9.653 4,605 0 -13802 -2986 1649 -0.226 21453 61.28% 2123 20223 0
0002 -12614 -18223 0.001 0.002 -8623 5.588 0 -23812 -24831 1851 -0.208 21454 B1.285 29.123 20.23 1]
0,001 -12836 -21423 0.001 0.001 -9.608 3.086 0 -24508 -3027 1658 -0.242 21454 B1.284 29.123 20227 1]
0002 -12668 -20198 0.001 0.002 9641 3639 0 -23837 -3026 1662 -0.225 21455 61.283 2123 20228 o
0002 -12663 -21801 0.001 0.002 a64 2.701 0 -24502 3023 1661 -0.204 21455 61.284 29123 20229 o
0002 -12627 -20971 0.001 0.002 -9.685 2,88 0 -2382 -2962 1663 -0.234 21455 £1.283 29123 20.23 0
0001 -12617 -22217 0.001 0.001 261 249 0 -24707 -23988 1654 -0.226 21454 61283 2123 2232 0
0001 -12611 -20968 0.001 0.001 -9632 2.861 0 -1381 -2979 1649 -0.262 21455 £1.283 2123 20223 0
0.002 -1261 -2387 0.001 0002 -9626 4601 0 -24383 -2584 1656 031 2145 61283 B123 0277 0
0002 -12671 -202% 0.001 0.002 9634 345 a -23757 -3037 166 -0.283 21457 81282 29123 20228 1]
10,002 -126 -21994 0.001 0.002 -9.626 2.451 0 -24445 -2974 1652 -0.251 21457 £1.281 29.123 2022 1]

Figure 9. Partial View of the Dataset Used in This Work.

The process of evaluating emissions from hybrid ve-
hicles is based on two interrelated stages: data collection
and subsequent analysis (Figure 10). Data collection in-
volves conducting emissions measurements under various
conditions, including simulations, on test benches, chassis
dynamometers, and through mobile measurements of operat-
ing conditions of the vehicle. The obtained data are subject
to event detection, which allows for their classification into
critical and non-critical sequences.

The reliability and accuracy of a predictive model fun-

damentally depend on three key operations: accurate event
detection, effective data clustering, and in-depth statistical
analysis. Properly separating critical data sequences from
non-critical ones is essential for building an accurate model.
At the same time, the application of strict statistical controls
ensures the robustness of the results, and the integration of
real operational data significantly improves the adaptability
and stability of the model under different conditions. For
this paper, we are assuming that, within certain limitations,

the Highway official emission test protocol can be used to
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illustrate the use of Al
After initial data cleaning, such as removing pre-test

on the result, or are interdependent (e.g., fuel consumption
and CO, emissions). During the first five cycles, the vehicle

and post-test values, the first step is to determine which input  operated only in EV mode, and the battery was gradually

parameters actually affect the result. Many instantaneous test ~ depleting. On repetitions 6 to 10, the vehicle operated in the

parameters can be excluded from the current study. This may hybrid mode, but apparently, the ICE was not fully charging

be because they remain constant throughout the test (e.g., the battery, only keeping the SoC (State of Charge) constant.

ambient pressure and temperature), have a negligible effect See Figures 11-13.

Data Collection Data Analysis

1
i
: Emission measurements ' Cluster Generation
. |
L[| = Simulation ' Signal based clusters of
| | =_Test bench : critical and non-critical data
! = Chassis dynamometer '
e measurements .v
i j’ Identification of representative
reference events per cluster
= Critical sequences
Event ’ =
ER P - Uncitical “qu.nc.+ = Analysis of root cause data

= Benchmarking of data sets
= Validation of data optimization

Statistical evaluation

Robustness data / daily driving

! = Simulation of real-world driving

= Impact of clusters

= Daily driving
|1 = Fleet data
|| = RDE route validation

= Statistical relevance of clusters
» Statistical relevance of events |
= Statistical safety of input data

Figure 10. Overview of the Data Analysis Steps.

Note: Remarked in red, the ones covered in this paper.
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Figure 11. HWFET test used as case study.
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Figure 12. Idem of Figure 11, showing that the ICE starts to work only at the very end of repetition #5.
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Figure 13. Power Share: (a) in the EV mode only, (b) in the Hybrid mode.

In addition to the original dataset parameters, two oth- ICE + EM), calculated by:

ers were calculated and included in the dataset and analysis:
PS = eM/(ICE + eM), If eM > 0 (electrical motor mov-

e Acc: the vehicle’s instantaneous acceleration, calcu- ing the vehicle, partially or totally);

lated from the vehicle speed change between +0.5 and eM/Min(eM), If eM < 0 (electrical motor working as
—0.5s. generator).
e PS: “Power Share”, the instantaneous power ratio of Negative values indicate when the electrical motor is

the electrical motor to the total moving the vehicle (i.e., working as a generator, producing power to charge the bat-
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tery. Figure 13 shows the PS over 10 repetitions. PS was
1.0 almost all the time along the first 5 repetitions, when
the vehicle operated in the EV mode only, going to negative
values only during vehicle decelerations, but not enough
to significantly recharge the battery. Notice the SoC minor
upward values in Figure 11.

To explore the model capabilities, three different cases

WCEre run:

e Case A: as input parameters, only the vehicle’s instan-
taneous speed, its acceleration, and the battery state of
charge (SoC). The first two are defined by the emission
standard, the SoC is a consequence of the electrical en-
ergy consumed to move the vehicle and the regenerated
power during decelerations, and by the ICE. Such a very
simple approach was chosen to demonstrate the model’s

ability with very few input parameters, which would

make it of more general use. To remark that, as men-
tioned before, in this specific test, the ICE was used only
to keep the SoC constant, not to fully charge the battery.

e Case B: Instantaneous Battery Outlet coolant temper-
ature was included as an input parameter, trying to in-
clude instantaneous information since the SoC is a cu-
mulative value.

e Case C: ICE oil temperature was included as an input
parameter to indicate when the engine is cold, not oper-
ating. Other ICE parameters could, of course, be used.

Table 6 summarizes the results, showing the data Spear-
man and Pearson correlation, the model R? and MSE values,
as well as the SHAPLEY values. Table 6 describes the input
parameters (dataset columns used for each case). Using as
input parameters only Vehicle speed, Acceleration, and SoC
already allowed the digital twin to achieve an R? of 0.80.

Table 6. Correlation Parameters and Model PS Results for the Different Cases.

Input Case A Case B Case C
Parameter gpe  Pea Shap R? MSE Spe Pea Shap R* MSE Spe Pea Shap R} MSE
km/h 0.07 0.02 0.10 0.07 0.02 0.10 0.07 0.02 0.09
Acc 021 029 0.12 021 029 0.12 021 029 0.10
Toil 0.80 0.06 0.84 0.05 051 058 030 097 0.01
T Bat_out 0.52 0.55 0.08 0.52  0.55 0.02
SoC 0.55 0.50 0.32 0.55 0.50 0.8 0.55  0.50 0.02

The inclusion of Battery temperature did not signifi-
cantly increase the model accuracy, and the Battery Tem-
perature Shapley value reflects it, showing a value lower
than Vehicle speed and acceleration. Inclusion of ICE oil
temperature increased the model R? to 0.97 and curiously
changed the ranking of the other input parameters. The SoC
that was the most influential in Cases A and B had almost no

impact on the results. See discussion ahead.

5. Discussion

R? and MSE are common and useful model accuracy
indicators, but should be seen with care. Figure 14 shows,
for the three cases from top to bottom: the PS actual value (in
blue) and the model errors (in red), the plot of actual versus
model, and the histograms of the errors. It can be seen that:

i) The errors are concentrated when PS is close to zero,

i) The model was more accurate when the PS is negative,

i.e., the electrical motor is working as a generator,
iii) The errors when PS is equal to 1.0 (the vertical line
on the right side of the correlation plots) are indeed
few. Instances when the model error was higher
than 0.9 were 0.38, 0.27, and 0.08%, respectively,

for Cases A, B, and C.

Figure 15 shows the Shapley values. The bar plot shows
from the influence ranking and value of each input parameter
in the output but when an information of ICE use, T oil, was
included, SoC influence becomes almost negligible, not be-
cause SoC does not affect PS but because in this AI model,
which of course it does, but such information was not relevant
for the predictions in this dataset, where the repetitions 1 to 5
ran exclusively with eMotor while in repetitions 6 to 10, ICE
was used to move the vehicle but not to fully recharge the
battery. Such peculiarity illustrates the risks of using singular
datasets and the need for a more comprehensive and also

physical based approach done by Human experts.
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Case A, R?: 0.80, MSE: 0.06 Case B, R2: 0.84, MSE: 0.06 Case C, R2: 0.97, MSE: 0.01

618 55 127 81 M 2

Figure 14. Model Results.

Note: From top to bottom: PS actual values (in blue) and the model error (in red), PS actual versus model, and the error histogram.
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Figure 15. Shapley Plots.
Note: Top: input parameter ranking. Bottom: impact on the model output (PS).
The plot of impact on model output brings more infor- our case, the reading every 0.1).
mation. In the plot, each dot represents one observation (in On the X-axis, SHAP value means the impact on the
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output prediction:

e  Right (positive SHAP): increases predicted PS;

o  Left (negative SHAP): decreases predicted PS;

e Color: Red: high Power Split (more e-motor share),
Blue = low PS (more ICE share).

So, if you see red dots mostly on the right, the model
“believes” that the input parameter increases PS. There are
several reasons this can occur, not necessarily a physical base

influence, but a data or feature interaction effect:

i) Indirect Correlation/Context Effects: High e-motor
usage might occur during high acceleration, where
ICE also did on repetitions 6 to 10, but not on 1 to 5.
ii) Feature Collinearity: A given parameter might be cor-
related with variables that actually influence the PS,
in our example, T_oil, which increases with ICE use.
iii) Specific Test Conditions: In the case study, eMotor
was the only responsible for moving the vehicle, and

SoC was decreasing according to.

Care should be taken to avoid using correlated param-
eters. Model accuracy was improved with the inclusion of
oil temperature, Case C. Shapley values ranking was signifi-
cantly changed, with SoC dropping from first to last. A more
careful analysis of the data would show that Cases A and B
were modelled without any information about the ICE, and
that battery SoC (and Oil temperature) had a very different
behaviour on the repetitions 1 to 5 than on repetitions 6 to 10,
which may explain its strong influence in the model. Table

7 shows the model results using the ICE torque as an input

parameter. Model accuracy was quite decent with an R? of
0.94 and an MSE of 0.13. The SoC ranking was very low.
Also, it is worth noting that both Oil temperature and SoC
are cumulative, with relatively slow changes, and are unable
to be impacted by fast transients as the ones observed in PS.

To test model robustness, the model was trained with a
given repetition and asked to predict another. An important
parameter on ICE, and hence Hybrid vehicles, is the CO,
emitted during the test cycle. The model was used to predict
the instantaneous CO,_ having km/h, acc, PS, and Pedal accel
as input parameters. Table 8 summarizes the results, and
Figure 16 plots the measured versus the predicted values for
each case.

To further investigate model generalization and robust-
ness, the model was used to predict instantaneous CO, along
the complete dataset, the 10 repetitions, after being trained
with a different test cycle, the urban-driven UDDS. The
UDDS cycle is composed of two sub-cycles with 13.695 s
with an average speed of 31.5 km/h and several start-stops,
typical of urban driving, see Figure 17.

Based on the previous cases, the Al model used as in-
put parameters: km/h, Acc. PS and torque to predict the
instantaneous CO,. Instances with CO, lower than 10 mg/s
were removed from the datasets (see discussion in Appendix
A). The Al model accuracy was excellent: R? =0.98, MSE =
275, and cycle accumulated error of —0.1%, see Figure 18a.
Using this model, trained with the UDDS cycle, to predict
the HWY also produced quite reasonable predictions with
R? =0.88, MSE = 598, and cycle accumulated error = 2.0%.
see Figure 18b.

Table 7. Correlation Parameters and Model PS Results for the Case C including ICE torque.

Case C Using ICE Torque

Input Parameter

Spe Pea Shap R MSE Spe Pea Shap R’ MSE
km/h 0.07 0.02 0.09 0.07 0.01 0.05
Acc 0.21 0.29 0.10 0.21 0.29 0.15
Toil 0.51 0.58 0.30 - - -
T Bat_out 0.52 0.55 0.02 0.97 0.05 - - - 0.94 0.13
SoC 0.55 0.50 0.02 0.55 0.50 0.03
ICE Torque - - - 0.67 0.71 0.37

Table 8. Results when the Model* was Trained with a Given Case and Used to Predict a Different One.

Trained with R? MSE CO; Acc. Error Predicted R? MSE CO; Acc. Error
rep 6 0.99 168 -0.10% rep 10 0.95 398 3.45%
rep 10 0.99 168 —0.06% rep 6 0.93 460 3.1%

Note: * km/h, Acc, PS, and Pedal accel as input parameters.
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Figure 18. Instantaneous CO,, (a) UDDS Cycle; (b) HWY cycle using the model trained with UDDS.
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6. Conclusions

Al, and in particular, machine learning digital twins,
are becoming more and more a powerful engineering tool.
Its relatively low cost and quick use make more and more
engineers make use of it with apparently excellent accuracy.
The benefits also bring the risk of a lack of robustness and
apparently correct models, but lacking physical correlation
with the actual system. The model could reproduce with
accuracy the dataset used for training, but may fail to fully
represent the real system.

This work proposes a template for multimetric eval-
uation of digital twins in emissions testing of hybrid ve-
hicles and illustrates it using the RAV4 Argonne dataset.
Within this template, the implementation of standardized
procedures for data preprocessing and cleansing increases
the quality and correctness of input information, thereby
minimizing the risks of errors and incorrect conclusions.
Furthermore, the standardization of the application of Ex-
plainable Artificial Intelligence (XAI) methods allows for
the formalization of the process of interpreting model re-
sults, significantly enhancing the level of transparency and
trust in machine learning systems. Thus, the standardization
of methods for utilizing multimetric processing templates
not only ensures high quality and reliability of research but
also formalizes the interpretation of model results, making
its behavior more transparent for domain specialists, en-
hancing trust, and promoting consistency in assessments
prior to the application of machine learning systems in
critical scenarios while adhering to ethical and regulatory
requirements.

The multimetric evaluation template for digital twins

in critical domains should encompass:

e A comprehensive multi-metric assessment of perfor-
mance, including reliability indicators.

e  Quantitative evaluation of explainability and uncertainty
for transparency.

e  Rigorous quality control of data and assessment of
bias/fairness.

e  Adaptability options for heterogeneous or decentralized
datasets.

e  Standardized reporting and reproducibility protocols.

e  Ethical and socio-technical aspects of impact.

This research demonstrates that high predictive accu-
racy is insufficient to guarantee reliability: even a seemingly
well-performing model may inadequately represent physi-
cally relevant mechanisms if the training data and the selec-
tion of input variables are not aligned with domain knowl-
edge. This underscores the necessity of integrating human
expert judgments and physical considerations in the evalu-
ation of machine learning (ML), particularly when digital
twins are employed for the interpretation or optimization of
critical systems, such as hybrid powertrains.

In a broader sense, the proposed template and case
study of the hybrid vehicle represent a practical step towards
more standardized evaluation practices in critical applica-
tions of machine learning. Future work will extend this
framework to real-world road measurements and PEMS data,
encompass a wider range of operational and environmental
conditions, and assess how the same multimetric framework
can be adapted to other critical domains while maintaining

transparency and traceability of model behavior.
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Appendix A. Workflow of a Machine
Learning Tool for Vehicle Emission
Tests

Table A1 shows a modelling workflow based on the
one proposed by Jiang!!”! with adaptations, and examples

for vehicle test emissions.

Table Al. Recommended Procedure to Create and Use the AI Model for emission Tests.

Example Recommendations
1. Raw Data
The data used in the current and in the author’s pre-
Data types vious works?* 2529 came from different sources  Format the data to an uniform one to avoid having

with different parameters, frequency, and nomen-
clature for the same parameter.

to declare it inside the model.

2. Data Processing

Missing or invalid

The test data contains pre- and post-test data
Small CO, and pollutant emissions values when the

Use data visualization tools to check data consis-
tency.

values L. ; . . . .
vehicle is running only with the electrical motor. Do filtering when necessary. See Figure A1.
The first 5 repetitions contain small, not valid, val- . ..
P « . » . Using only the last 5 repetitions, when ICE was
- ues of CO; that “contaminated” the machine learn- .
Denoising run, to predict CO;.

ing, which, although not affecting the total cycle
value

Apply Filters. See Figure Al.

Feature extraction

Identification of critical parameters. See discussion
of the inclusion of SoC and Oil temperature.

Use a human expert. Avoid using correlated param-
eters that may deteriorate model generalization.

Dimensionality
Reduction

Several test data parameters, such as the temper-
ature chamber, tyre pressure, etc., are monitored
just to attend the homologation procedure.

Remove the obvious useless, and constant parame-
ters.
Use PCA (Principal Component Analysis) tools.

Feature Normalization
& Standardization

In the test data, while PS goes from —1 to +1, CO,
goes from 0 to 9000. The used Random Forest
Model works well with such different ranges, but,
for example, ANN does not.

Normalize data for ANN.
Consider returning to the absolute values when
analyzing to “return to the actual case”

70/30% is the more common ratio, but notice that

Data split some cycles, like the UDDS, include long periods
(train/validation) of “non-test” that can contaminate the model’s ro-
bustness.
Some relevant parameters, such as the PS, can ap-
. ear splitted in different parameters in the dataset. If necessary, calculate and add important parame-
Data Augmentation P p p Y p P

Others, like vehicle acceleration, can be easily de-
rived from others.

ters not included in the original dataset.

Confidence, absence of
undesirable bias of data
source

In the case study of 10 cycle repetitions, the ECU
was programmed to run only as electrical in the first
5 and as hybrid, but not fully charging the battery,
in the last 5 repetitions.

Pay attention to dataset features that can deteriorate
model generalization.

Use of different tests, for example, combining ur-
ban and highway cycles to check model robustness.
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Table Al. Cont.

Example

Recommendations

3. Model Evaluation

Select metrics critical to
the study objective

Use accumulated, instead of instantaneous, emis-
sion values for emissions.

Critical analysis of
relevant parameters

Use model Shapley values.

Check model
generalization

Use the model to predict datasets different from the
one used for training.

As mentioned, the dataset contains 10 repetitions of
the Highway emission test cycle, with the first five repe-
titions the vehicle being moved only by the electrical mo-
tor. However, the measurement equipment read very small
quantities of CO,, with no influence on the accumulated
value, but that degrades the model accuracy if used to train
the model. Figure A1 shows the accumulated CO, and the

model error with different filters for the CO, values: No

AcNF
10,000

AcF1 AcF10

1,000

100 .

CO, [g] log scale
=
(=]

0 1000 2000 3000

- - -~ EACNF

4000

filtering (NF), higher than 1 (F1), and higher than 10 mg/s.
The accumulated measured CO, along the cycle is little
changed with the filters: 9609, 9612, and 9606 g, respec-
tively, for NF, F1, and F10. However, model accuracy was
significantly better with filtering. The cycle accumulated
error decreased from 11% with no filter to 1.0% when in-
stances with CO, lower than 10% were eliminated, see
Figure Al.
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Figure A1. Accumulated measured CO, and model errors when different filters for instantaneous CO- is applied.

Note: No Filter (NF), higher than 1 mg/s (F1), and higher than 10 mg/s (F10).
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