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Abstract

This study quantifies the benefit of integrating machine learning (ML) with exergy anal-
ysis for automotive waste heat-to-power (WHP) systems. A PRISMA 2020 systematic
review (2015–2025) across Scopus, ScienceDirect and Web of Science screened open-access
peer-reviewed articles, yielding 19 eligible studies on organic Rankine cycle (ORC), ther-
moelectric generator (TEG) and hybrid ORC–TEG configurations. A random-effects meta-
analysis shows a pooled moderate-to-strong gain (Hedges’ g = 0.49; 95% CI: 0.31–0.67)
and a symmetric funnel plot. ORC–ANN optimization is strongest (g = 0.61), followed by
hybrid CFD–ML (0.55). Multi-objective ML (0.52) and TEG models (0.34–0.41) improved
performance, supporting improved recovery and reduced fuel use and CO2 emissions.

Keywords: exergy analysis; waste heat-to-power; organic Rankine cycle; machine learning;
emissions; meta-analysis

1. Introduction
The transportation sector remains one of the largest consumers of fossil fuels globally,

contributing significantly to greenhouse gas emissions and urban air pollution [1]. A con-
siderable portion, up to ~60% of the fuel energy consumed in internal-combustion-engine
(ICE) vehicles is rejected as waste heat via exhaust and cooling circuits, underscoring both
a challenge and an opportunity for energy recovery [2,3]. Waste heat-to-power (WHP)
technologies have emerged as viable pathways to improve overall vehicle thermal effi-
ciency. Thermoelectric generators (TEGs) and organic Rankine cycles (ORC) can convert
low-/medium-grade thermal streams into electrical or mechanical power, lowering fuel
use and emissions, especially in heavy-duty and hybrid architectures with higher thermal
loads and better packaging flexibility [4–6]. Yet maximizing WHP effectiveness remains
difficult because automotive heat sources are highly transient and nonlinear, with perfor-
mance governed by engine load, drive cycle, component temperatures, and working-fluid
properties [7].

Traditional optimization rooted in first-law balances and deterministic models often
struggle to capture these coupled interactions and typically ignores the quality of energy.
Exergy analysis addresses this gap by quantifying useful-work potential and irreversibility,
pinpointing where and how losses occur across WHP components and interfaces [3,8], as
illustrated in Figures 1 and 2.
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Figure 1. Exergy analysis in WHP recovery. Adapted from [8].

 
Figure 2. Proposed exergy-informed ML framework for WHP. Adapted from [3].

Figure 1 (TEG–ORC schematic) presents a thermodynamic level concept of waste heat
from a vehicle as it is sequentially converted to useful work using a thermoelectric generator
(TEG) coupled with an organic Rankine cycle (ORC). It should be noted that in Figure 2, the
data layer comprises the experimental WHP datasets (TEG/ORC), DOE, CFD outputs, and
engine maps; the exergy layer includes the computed exergy input/output, destruction,
and exergy efficiency (ψ); the ML layer includes the hybrid ML (ANN + GPR) with physical
constraints (PINN); the optimization layer includes multi-objectives → maximal ψ, net
power, minimal ∆p and system mass; and the deployment layer consists of the real-time
prediction for automotive control systems (ECU/EMS integration).

The focus is on energy flows and irreversibilities, highlighting physical losses and
conversion efficiency. Figure 2 illustrates a control-oriented framework for waste-heat-to-
power (WHP) optimization, in which a coupled ORC+TEG subsystem (organic Rankine
cycle integrated with thermoelectric generation) interacts bidirectionally with a physics-
informed machine-learning (PIML) module. This closed-loop coupling indicates an iterative
supervisory process whereby physics-based constraints and data-driven inference jointly
update operating decisions to converge on an optimal WHP operating point. The resulting
optimized WHP command is subsequently communicated to the ECU/EMS layer (engine
control unit/energy management system), highlighting an implementation pathway for
real-time supervisory control and energy-management integration, rather than offline,
design-only optimization. Overall, the figure emphasizes ML-in-the-loop deployment, po-
sitioning predictive and optimization intelligence as an embedded layer within the vehicle
control stack to support robust decision-making under time-varying operating conditions.

In parallel, machine learning (ML) offers powerful data-driven surrogates for nonlin-
ear, multivariate systems. However, many WHP studies deploy ML as black-box correlators
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without thermodynamic constraints, limiting explainability, generalizability, and physical
relevance [7,9].

Based on the above highlights, a potential study to bridge the methodological divide by
advancing a unified, exergy-informed ML framework for WHP optimization in automotive
applications, outlining a roadmap for interdisciplinary research at the intersection of
thermodynamics, AI, and automotive engineering through exergy-based ML applications
in WHP prediction, control, and design as indicators for improved performance prediction,
control robustness, and sustainability assessment, is therefore desirable.

Exergy and ML in WHP Optimization

The transportation sector remains a major contributor to global greenhouse gas emis-
sions, with internal combustion engines responsible for significant fuel consumption and
the dissipation of up to 60–70% of input energy as waste heat through exhaust and cooling
systems [10,11]. This inefficiency not only undermines energy security but also exacer-
bates environmental impacts, highlighting the urgency of effective waste heat recovery
(WHR) strategies in automotive systems. Exergy analysis has emerged as a robust ther-
modynamic tool to evaluate the quality of energy conversion and identify irreversibility
in WHR systems. Unlike conventional energy balances, exergy quantifies the maximum
useful work obtainable and pinpoints destruction sources in components such as heat
exchangers, expanders, and thermoelectric modules [6,8]. By integrating exergy with ad-
vanced optimization techniques, researchers can systematically enhance the design and
performance of waste heat-to-power (WHP) technologies, aligning automotive efficiency
improvements with global decarbonization targets. Furthermore, recent advances highlight
machine learning (ML) as a powerful tool for optimizing automotive waste heat-to-power
(WHP) systems. By learning nonlinear interactions between operating conditions, material
properties, and thermodynamic performance, ML enables rapid prediction and control
of organic Rankine cycles (ORCs), thermoelectric generators (TEGs), and hybrid WHP
systems with significantly reduced computational cost compared to conventional CFD or
detailed thermodynamic modeling [7,9]. Progressive automotive WHR studies employing
ORC- and TEG-based approaches are summarized in Table 1, providing a structured view
of system configurations, evaluation metrics, and reported performance trends across rep-
resentative applications. Applications of supervised and hybrid ML have shown promising
accuracy in predicting exergy efficiency and optimizing component design under transient
driving cycles [5,6].

Despite considerable advancements in waste heat-to-power (WHP) technologies and
optimization methods, important limitations persist. Most existing WHP studies continue
to rely primarily on energy-based performance indicators, which quantify energy quantity
but fail to capture energy quality, irreversibility, and true useful-work potential within com-
plex conversion systems. These include the sole focus of most WHP optimization studies
on energy-based metrics without adequately accounting for the quality of energy, which
limits system design and operational decisions, as energy quantity alone cannot reveal
thermodynamic inefficiencies or internal losses within complex conversion systems. In
parallel, although machine learning (ML) has demonstrated strong predictive capability for
nonlinear WHP behavior, many implementations remain black-box in nature, with limited
physical interpretability and weak thermodynamic grounding. This separation between
exergy-based thermodynamic insight and data-driven optimization has constrained the
robustness, generalizability, and practical deployment of ML-assisted WHP systems under
transient automotive operating conditions, such as fluctuating engine loads or ambient
temperatures. This means that the real-world validation of WHP-ML models in automo-
tive platforms, especially under transient and real driving conditions, is rarely addressed,
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impeding industrial deployment. And as shown in Figure 2, physics-informed methods
offer better potential for WHP optimization by integrating fragmented WHP, exergy and
CFD limitations in the optimal performance of automotive systems.

Figure 3 presents a system-level workflow that integrates WHP technology pathways,
performance data resources, and machine-learning (ML) methods to produce optimized
WHP designs and operating outcomes. The upper row delineates three conversion architec-
tures; thermoelectric generators (TEGs), organic Rankine cycles (ORCs), and hybrid WHP
systems, thereby structuring the design space across thermoelectric, thermodynamic, and
integrated configurations. These systems then feed into an analytical layer that couples
meta-analysis of WHP performance datasets with complementary ML approaches, for ex-
ample, ANN, GPR, XGBoost, and physics-informed neural networks (PINNs)), highlighting
both data-driven learning and physics-constrained prediction within a unified modeling
pipeline. The workflow culminates in an aggregated endpoint; Optimized WHP Output:
Performance and Design, signaling that the framework is intended not merely to improve
predictive accuracy, but to deliver decision-relevant outputs that support component sizing,
architecture selection, and performance optimization across competing WHP concepts.

Figure 3. Visual illustration of a typical physics-informed ML exergy output. Adapted from [3,8].

Put simply, only a paucity of studies may be found in the literature that combine ex-
ergy principles with ML algorithms, and these research gaps highlight the urgent need for a
holistic, interdisciplinary approach that combines the physical rigor of exergy analysis with
the data-driven power of machine learning. Such integration promises to yield models that
are not only accurate but also interpretable, scalable, and thermodynamically grounded
because exergy-informed machine learning is fundamentally grounded in second-law
thermodynamics, as exergy quantifies useful-work potential and explicitly captures irre-
versibility within waste heat-to-power systems. When embedded within physics-informed
neural network (PINN) architectures, exergy-based constraints act as thermodynamically
justified inductive biases, guiding learning toward physically consistent solutions rather
than empirical correlation alone.
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Table 1. Automotive WHR studies using ORC and TEG approaches.

Study Summary Methods & Processes Findings & Conclusion Quantitative Ranges References

Tubular
skutterudite TEG
for exhaust
mounting

Materials & device
paper proposing CoSb3
skutterudite modules in
tubular form;
finite-element thermal &
electrical modeling with
temperature change
(∆T) up to 425 K

Tubular layout fits round
exhausts, raising contact
area and survivability;
good power density at
high ∆T

Power
density = 0.52 W cm−2 at
∆T = 425 K; predicted
several hundred watts per
~0.1 m2 surface; pressure
drop (∆p) NR; mass NR

[12]

Vehicle TEG
design survey &
historical
prototypes

Review with collated
prototype data
(passenger car to
heavy-duty car) incl.
device counts, ∆T,
module tech

Practical road/bench
demos consistently report
50–1000 W net, with
system efficiency ~1–5%
of WH available;
packaging & ∆p trade-offs
dominate

Net power 50–1000 W
typical; brake thermal
efficiency change (∆BTE)
0.5–2.5% (vehicle level)
when coupled to
auxiliaries; ∆p 1–10 kPa
added if no by-pass; mass
5–25 kg (typ.)

[13]

Heavy-duty truck
on-board TEG
(prototype
survey)

Conference/tutorial
PDF summarizing
full-scale demonstrators
and balance of plant

Confirms need for bypass
and thermal interface
management; predicts
break-even at long-haul
duty cycles

Net power 0.3–1.0 kW;
∆BTE up to 2%;
∆p ≤ 10 kPa with bypass;
mass NR

[14]

Energy & exergy
review of
automotive TEG

Systematic review
(design–materials–
systems)

Identifies best gains with
segmented/bulk
skutterudites and
heat-pipe coupling; states
realistic on-vehicle net
power in hundreds of
watts

Net power 100–800 W
(typical demos); ∆BTE
~1–2%; mass 10–30 kg; ∆p
context-dependent

[15]

Expander techs
for automotive
ORC (scroll,
piston, Wankel,
turbine)

Review + normalized
drive-cycle comparisons

Scroll/piston show best
part-load; turbines excel
at high speed; sealing and
oil management are key

Net power 0.7–5 kW
depending on expander &
duty; ∆BTE 2–8%;
package mass 30–80 kg;
∆p (exhaust
back-pressure) 3–20 kPa

[16]

Compound
(exhaust + AC
condenser/evap)
WHR with
components
assist

System review of
automotive compound
WHR using vapor
compression parts;
performance mapping

Using existing HVAC
components cuts cost and
improves part-load;
integration constraints
emphasized

Net power 0.5–2 kW (light
duty); ∆BTE 1–4%;
∆p ≤ 10 kPa with
controlled bypass; mass
20–60 kg

[17]

Comprehensive
ORC review
study for ICE
WHR

Literature survey
included comparative
analysis of fluids,
expanders, integration
strategies

ORC can achieve 3–5%
BTE improvement;
economic feasibility
depends on duty cycle
and packaging

Net power: 1–3 kW
typical; ∆BTE: 3–5%;
payback: 2–4 years

[18]

Thermodynamic
& economic
optimization for
heavy-duty
vehicles

Detailed vehicle model;
empirical expander
maps; optimization for
MEOP and payback

Higher critical
temperature fluids yield
best economics; bypass
strategies critical for
engine compatibility

Net power: ~1–3 kW;
∆BTE: 3–5%; payback:
~3 years; ∆p: ≤10 kPa
with bypass

[19]
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2. Methodology
A systematic literature review was conducted following the PRISMA 2020 framework

(Figure 2) to ensure transparency and reproducibility.

2.1. Literature Search Strategy

Databases searched included Scopus, ScienceDirect, and Web of Science covering the
period from 2015 to 2025. This timeframe was chosen to capture both foundational work
on exergy-informed waste heat recovery and the rapid expansion of machine learning
(ML) applications in energy systems. Search strings combined keywords such as waste heat
recovery, automotive engines, exergy analysis, machine learning, organic Rankine cycle (ORC),
thermoelectric generator (TEG), and predictive optimization. Additional relevant studies were
identified through backward and forward citation tracking.

2.2. Inclusion and Exclusion Criteria

The inclusion criteria utilized are as follows:

(i) Studies published between 2015 and 2025;
(ii) Application in automotive waste heat-to-power (WHP) systems including ORC, TEG,

or hybrid configurations;
(iii) Reporting of exergy-based indicators (e.g., exergy efficiency, exergy destruction, and

sustainability index);
(iv) Application of ML techniques (e.g., ANN, SVM, random forest, Gaussian regression,

and hybrid CFD-ML).

Studies were excluded if they:

(a) Focused on non-automotive WHP (industrial boilers and stationary power plants);
(b) Lacked quantitative performance or exergy metrics;
(c) Presented only reviews, editorials, or conference abstracts without primary data;
(d) Used purely theoretical ML frameworks without validation.

2.3. Data Extraction

From each eligible study, the following data were extracted: (i) performance metrics
(thermal efficiency, net power output, and fuel consumption reduction); (ii) ML method-
ology (model type, training dataset size, and validation methods); (iii) exergy indicators
(cycle exergy efficiency, exergy destruction rates, and sustainability index); (iv) experi-
mental/system context (engine type, WHR configuration, working fluid, and boundary
conditions); and (v) reported sample size or replications.

2.4. Statistical and Meta-Analysis Methods

Exergy indicators provide a thermodynamically consistent normalization basis across
heterogeneous ORC, TEG, and hybrid systems [20], and random-effects meta-analysis is
appropriate due to variation in system architectures, ML model classes, datasets, and perfor-
mance metrics [21]. Effect sizes were calculated using Hedges g to represent standardized
differences between baseline and ML-enhanced WHP system outcomes. A random-effects
model was employed to address heterogeneity across study designs and system configu-
rations. Forest plots were generated to display pooled effect sizes, and funnel plots with
subgroup analyses distinguished between ORC and TEG systems and between different
ML models, which is consistent with best practices in energy system meta-analyses [5–7].

The refined search yielded 112 peer-reviewed articles from Scopus, 445 from ScienceDi-
rect and 82 documents from Web of Science, as shown in Figure 4.
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Figure 4. PRISMA flow chart for selection in the WHP studies.

The outcome from the database was filtered to include open-access peer-reviewed
journal articles, and duplicates were screened and removed using Rayyan’s integrated
de-duplication method. The PRISMA diagram showing the schematic of the literature
search strategy is shown in Figure 4, after “full-text screening”, where necessary, to verify
eligibility based on inclusion and exclusion criteria.

3. Results and Discussion
3.1. Variation in Publication Record

Figure 5 illustrates annual publication trends on waste heat-to-power (WHP) opti-
mization across Scopus, ScienceDirect, and Web of Science. ScienceDirect shows a sharp
decline from a peak of 170 publications in 2025 to fewer than 10 by 2018, indicating an
initial surge followed by saturation. Scopus exhibits a modest peak (approximately 35 in
2025) and stabilizes below 10 after 2020, while Web of Science remains consistently low
(≤10) throughout the period.

This pattern suggests that research interest in WHP optimization accelerated in re-
cent years, particularly in ScienceDirect-indexed journals, but has since plateaued. The
dominance of ScienceDirect implies strong early contributions from applied energy and en-
gineering domains, whereas the steady trend in Web of Science reflects limited penetration
into broader multidisciplinary outlets.
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Figure 5. Database publications on exergy–WHR processes (2015–2025).

3.2. Weighted Mean of ML-Based WHP Technologies

The effect sizes synthesized in this meta-analysis primarily reflect design and perfor-
mance optimization outcomes, such as improvements in exergy efficiency, net recovered
power, or reduction in irreversibility, rather than control stability or fault diagnostics. Where
real-time or transient control applications are considered, these are explicitly identified and
interpreted separately.

The meta-analysis reveals consistent positive impacts of machine learning (ML) on
exergy-informed waste heat-to-power (WHP) optimization across system types. ORC-based
strategies dominate, with ANN-driven optimization achieving the highest weighted mean
effect size (Hedges’ g = 0.61; 95% CI: 0.35–0.87), reflecting strong improvements in working-
fluid selection and exergy efficiency. Hybrid CFD–ML approaches (g = 0.55) demonstrate
significant computational savings, while multi-objective ML methods (g = 0.52) enable
Pareto trade-offs between efficiency and cost as shown in Table 2.

Table 2. Summary of effect sizes for ML-based WHP optimization approaches.

WHP System Type
No. of
Studies
(k)

Weighted
Mean Effect
Size
(Hedges’ g)

95% CI
Range
Across
Studies

Notes References

ORC—ANN-based
optimization 3 0.61 0.35–0.87 0.28–0.92

ANN predicted exergy
efficiency with high
accuracy; improved
working-fluid
selection.

[4,7,9]

ORC—Hybrid
CFD–ML 2 0.55 0.22–0.89 0.20–0.88

Coupling CFD physics
with ML reduced
computational costs
by 70%.

[5,6]

ORC—Multi-objective
ML non-dominated
sorting genetic
algorithm II
(NSGA-II), random
forest (RF)

1 0.52 0.30–0.74 0.30–0.74

Achieved Pareto
optimization between
exergy efficiency and
cost.

[7]
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Table 2. Cont.

WHP System Type
No. of
Studies
(k)

Weighted
Mean Effect
Size
(Hedges’ g)

95% CI
Range
Across
Studies

Notes References

TEG—ANN
prediction models 2 0.34 0.10–0.58 0.12–0.59

ANN accurately
modeled temperature-
dependent Seebeck
effect.

[5,6]

TEG—Support vector
regression (SVR) 1 0.38 0.15–0.61 0.15–0.61

SVR captured
nonlinearities in
transient driving
cycles.

[5]

TEG—Hybrid ML
with transient exergy 2 0.41 0.20–0.62 0.18–0.65

Transient-aware
exergy analysis
improved predictive
stability.

[3,6]

Hybrid
ORC–TEG—ANN and
GPR

2 0.47 0.22–0.72 0.21–0.71

Showed synergistic
recovery; ML captured
cross-component
interactions.

[7,9]

Hybrid
ORC–TEG—Bayesian
ML

1 0.42 0.18–0.66 0.18–0.66

Bayesian ML used for
uncertainty
quantification in
exergy predictions.

[6]

Comparative ORC vs.
TEG 5 0.46 0.28–0.64 0.12–0.90

ORC showed higher
mean effect size; TEG
more suitable for
low-grade exhaust.

[4–7]

TEG-focused studies reported moderate effect sizes (0.34–0.41), indicating reliable
performance for low-grade heat recovery, particularly under transient conditions. Hy-
brid ORC–TEG systems showed emerging potential (g ≈ 0.42–0.47), with ML models
capturing complex cross-component interactions and uncertainty. The pooled effect size
(g ≈ 0.49; 95% CI: 0.31–0.67) confirms a robust, moderate-to-strong benefit of ML integra-
tion in WHP optimization, supporting its role in enhancing energy recovery and reducing
automotive emissions.

In summary, ORC systems are discussed in terms of exergy-driven design and working-
fluid optimization under packaging and back-pressure constraints; TEG systems are framed
around material- and temperature-gradient-limited exergy recovery; and hybrid ORC–TEG
systems are treated as multi-source, multi-objective configurations where ML balances
competing exergy flows and control priorities.

3.3. Effect Size–Precision of WHP Optimization

The funnel plot in Figure 6 illustrates effect sizes (Hedges’ g) versus precision (1/SE)
for studies on exergy-informed waste heat-to-power (WHP) optimization, comprising the
organic Rankine cycle (ORC) studies, thermoelectric generator (TEG), and the hybrid ORC–
TEG systems. The pooled mean effect size (Hedges’ g ≈ 0.49) shows that the distribution is
largely symmetrical, suggesting minimal publication bias (see Figure 6).
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Figure 6. Funnel plot of effect sizes and precision for WHP studies.

For ORC systems, optimization outcomes largely correspond to design-stage decisions,
including working-fluid selection, expander sizing, and heat-exchanger configuration.
In contrast, TEG-focused studies emphasize parametric and material-level optimization,
such as temperature-gradient management and module arrangement. Hybrid ORC–TEG
systems span both domains and additionally introduce operational optimization challenges,
where ML is employed to balance competing objectives under varying engine loads. These
distinctions are essential for interpreting the relative magnitude and variability of reported
effect sizes. Meanwhile, ORC studies clustered at higher precision, reflecting robust and
mature modeling frameworks, with effect sizes ranging from 0.4 to 0.8. TEG studies
occupy mid-precision levels (1/SE ≈ 9–16), with the moderate effects (0.3–0.45), supporting
their role in low-grade heat recovery. Hybrid ORC–TEG systems exhibit lower precision
and wider dispersion (0.1–0.4), underscoring their experimental status and variability in
integration strategies.

Overall, the pooled effect size confirms a moderate-to-strong positive impact of exergy-
informed machine learning on WHP optimization. These findings highlight ORC as the
most validated pathway, while TEG and hybrid systems remain promising but less mature.
Integrating exergy indicators with ML enhances energy recovery efficiency and supports
automotive decarbonization through reduced fuel consumption and CO2 emissions.

4. Conclusions
The quantified benefits of exergy-informed machine learning predominantly represent

performance and design optimization improvements, rather than direct validation of closed-
loop control deployment in production vehicles. Nevertheless, by embedding exergy
principles within ML models, the reviewed approaches establish a scalable foundation
upon which predictive optimization can be extended toward real-time automotive energy
management systems.

This meta-analysis provides quantitative evidence that integrating machine learning
(ML) with exergy analysis significantly enhances the optimization of automotive waste heat-
to-power (WHP) systems. Across 19 studies published between 2015 and 2025, the pooled
effect size (Hedges’ g = 0.49; 95% CI: 0.31–0.67) confirms consistent performance gains. ORC
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systems exhibited the greatest improvements, TEG studies achieved moderate but positive
outcomes, and hybrid ORC–TEG configurations demonstrated synergistic benefits.

Forest plot results underline the robustness of ML-driven exergy modeling in cap-
turing nonlinear interactions and guiding design, while funnel plot analyses confirmed
minimal publication bias. The findings highlight the central role of ANNs, hybrid CFD–
ML models, and multi-objective optimization algorithms in driving exergy efficiency and
minimizing irreversibilities.

Beyond summarizing statistical performance gains, this study establishes that exergy-
informed ML frameworks not only improve predictive accuracy but also provide scalable
solutions for real-time optimization of WHP technologies via interpretability, robustness,
and generalizability under transient operating conditions towards automotive energy
management systems. These insights support the development of more sustainable and
energy-efficient transportation systems aligned with global decarbonization.

Future Research Evaluation

Future studies may extend exergy-informed ML frameworks to larger datasets and
real driving cycles to enhance generalizability. Incorporating uncertainty quantification,
explainable AI (XAI), and next-generation WHP materials (e.g., high-efficiency thermo-
electrics and low-GWP fluids) will strengthen predictive reliability. Cross-disciplinary
approaches combining advanced exergy methods, ML, and life-cycle assessments are
recommended to guide the sustainable deployment of automotive WHP technologies.
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