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A B S T R A C T

This review examines 56 peer-reviewed studies on gas-turbine emission modeling, covering data-driven, semi- 
empirical, physics-based, and hybrid approaches. It compares model fidelity, computational cost, and inter
pretability across these methods and finds a clear hierarchy in which physics-based models provide the mech
anistic foundation, while hybrid and data-driven systems extend that fidelity for scalable, real-time prediction. 
Together they establish a coherent basis for modeling NOₓ and CO under both conventional and fuel-flexible 
conditions.

A structured search of Scopus, Web of Science, and supplementary databases (records = 260; screened = 230; 
full-text = 110; included = 56) followed PRISMA methodology to ensure transparency and reproducibility. 
Eligible studies offered quantitative validation of combustion or emission models and were classified into four 
methodological groups. Each was examined for governing variables, validation approach, and performance 
metrics, allowing comparison of predictive reliability across operating regimes.

Recent research shows that hybrid architectures, which couple mechanistic transparency with data-driven 
adaptability, are now dominant. Physics-based simulations generate the high-fidelity datasets used for 
training, whereas machine-learning surrogates interpolate rapidly within validated domains. Remaining chal
lenges involve transient validation, fuel-flexible kinetics, limited domain coverage, and the absence of stan
dardized uncertainty quantification. Adaptive, physics-guided learning frameworks that preserve interpretability 
and quantify reliability across fuels, loads, and stages of engine aging appear most capable of addressing these 
gaps.

Introduction

Gas turbines remain central to modern power generation and avia
tion. Reducing nitrogen oxide (NOₓ) and carbon monoxide (CO) emis
sions has become a priority for both regulators and engineers. Recent 
policy developments, including ICAO Annex 16 amendments and na
tional net-zero commitments, have intensified pressure on turbine 
manufacturers to sustain low emissions across variable load conditions 
and to operate effectively with emerging fuels such as hydrogen and 
sustainable aviation fuels. These fuels alter combustion behavior and 
increase the need for reliable emission models.

A broad range of modeling approaches has been developed to meet 
this challenge. Physics-based frameworks such as Reynolds-averaged 
Navier–Stokes (RANS), large-eddy simulation (LES), and chemical 
reactor networks (CRNs) offer detailed mechanistic insight but remain 

computationally demanding. Semi-empirical and data-driven models 
provide faster predictions but require calibration within specific oper
ating envelopes. Recent work, including Huang et al. [1] and Mubashir 
et al. [2], shows that hybrid frameworks integrating physical constraints 
with machine learning can improve generalization across operating re
gimes. This diversity reflects a critical operational conflict: regulatory 
frameworks increasingly require near-real-time emissions estimation 
across variable load and fuel conditions for compliance and monitoring, 
whereas designers require high-fidelity resolution to validate hydrogen 
and sustainable aviation fuels. No single paradigm satisfies both de
mands. As a result, cross-paradigm hybrid frameworks have emerged as 
a practical necessity rather than a methodological preference, 
combining mechanistic fidelity with the computational tractability 
required for regulatory compliance. However, existing reviews primar
ily address either combustion fundamentals or individual modeling 
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classes, without systematically comparing predictive accuracy, compu
tational efficiency, and regulatory relevance across paradigms for 
low-emission turbine concepts.

We fill these gaps through a comparative analysis of NOₓ and CO 
emission models spanning four categories: data-driven, semi-empirical, 
physics-based, and hybrid frameworks. Emphasis is placed on perfor
mance under realistic operational scenarios such as part-load transients 
and fuel-flexible combustion.

To address this methodological and regulatory disconnect, we pre
sent a comparative analysis of NOₓ and CO emission models spanning 
four categories: data-driven, semi-empirical, physics-based, and hybrid 
frameworks. Emphasis is placed on performance under realistic opera
tional scenarios such as part-load transients and fuel-flexible 
combustion.

This work provides the first integrated benchmarking of hybrid, 
data-driven, and physics-based gas-turbine emission models using 
standardized metrics and validation criteria.

Review methodology

This review follows the narrative-synthesis framework of Ferrari [3] 
adapted for gas-turbine emission modeling. The workflow in Fig. 1
aligns with PRISMA principles. Inclusion and exclusion criteria are listed 
in Table 1 for transparency.

Search strategy

The objective was to identify quantitative modeling studies of NOₓ 
and CO emissions in gas turbines, including empirical, physics-based 
(CFD and CRN), and data-driven (machine-learning and hybrid) 
frameworks. Searches spanning January 2000 to September 2025 used 
structured keyword queries across Scopus (primary) and Web of Science 
(secondary). Representative queries included: 

• “gas turbine” AND “NOₓ emission model”

• “gas turbine” AND “CO prediction”
• (“CFD” OR “reactor network” OR “machine learning”) AND “gas 

turbine emissions”

A total of 260 records were retrieved. After duplicate removal (n =
230), titles and abstracts were screened. One-hundred-ten full-text ar
ticles were assessed, and 56 studies met all inclusion criteria for narra
tive synthesis.

Inclusion and exclusion criteria

Following Ferrari [3] and PRISMA guidelines, studies were included 
only if they presented quantitative, validated emission models. Eligible 
publications developed or evaluated NOₓ or CO prediction models for 
gas turbines using experimental data or high-fidelity simulations, such 
as LES or CRN–CFD coupling. All included studies were peer-reviewed, 
published in English, and available in full text.

Fig. 1. PRISMA flow diagram illustrating the study selection process.

Table 1 
Inclusion and exclusion criteria for study selection.

Criterion Inclusion Exclusion

Publication 
Type

Peer-reviewed journal or 
conference papers

Review papers; non-peer- 
reviewed sources

Language English Non-English publications
Time Frame January 2000 - September 

2025
Outside this period

Model Focus Empirical, physics-based (CFD/ 
CRN), ML, or hybrid models

Purely experimental or 
measurement studies without 
modeling

Validation Quantitative validation via 
experiments or detailed 
simulations

No reported performance 
metrics or validation data

Accessibility Full-text available Abstract-only or inaccessible 
full text

These criteria ensured methodological consistency across 56 studies and enabled 
structured synthesis and quantitative comparison.
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Screening and selection

After duplicates were removed, 230 records were screened by title 
and abstract. Studies unrelated to gas-turbine emissions, lacking 
modeling content, or without quantitative validation were excluded. 
One-hundred-ten full-text papers were evaluated against the criteria 
listed in Table 1, of which fifty-six satisfied all requirements and were 
included in the final synthesis. To ensure screening consistency and 
methodological reproducibility, title–abstract and full-text screening 
were conducted independently by two reviewers using the same inclu
sion criteria. Discrepancies were resolved through consensus discussion, 
and all final exclusion decisions were documented prior to synthesis. 
Data extraction followed a shared template applied independently and 
cross-checked before consolidation. This dual-reviewer process reduces 
selection bias and enhances transparency in accordance with PRISMA 
recommendations. The workflow is summarized in Fig. 1.

Data extraction and synthesis

Data extraction followed a standardized template to ensure compa
rability across modeling paradigms. For each study, the following were 
recorded: 

1. Model category (empirical, CFD, CRN, ML, or hybrid)
2. Target species (NOₓ, CO, or both)
3. Input and boundary parameters (e.g., inlet temperature, fuel flow, 

load condition)
4. Validation type (test rig, engine data, or benchmark simulation)
5. Performance metrics (RMSE, MAE, R², or other quantitative 

indicators)
6. Reported strengths and limitations (as stated or inferred)

These data formed the basis for identifying methodological trends, 
assessing predictive performance, and evaluating generalization limits. 
Sections 3 and 4 present the comparative analyses derived from this 
dataset.

Emissions modeling approaches

Gas-turbine emission modeling has evolved from classical semi- 
empirical correlations to modern data-driven regressions that aim to 
balance physical interpretability with computational efficiency. These 
models typically use engine and ambient conditions such as inlet tem
perature, pressure ratio, fuel-air ratio, and load to estimate NOₓ and CO 
emissions with minimal computational cost. CO₂ is usually derived from 
the fuel’s carbon balance rather than empirical fitting. Such models are 
used in design screening and online monitoring, often coupled with CFD- 
based reactor networks for added physical consistency [4].

Data-Driven and semi-empirical models

CFD provides detailed insight into combustion and emissions but 
remains too computationally expensive for continuous design, moni
toring, or control. Semi-empirical and data-driven models estimate NOₓ 
and CO from measurable variables using correlations derived from ex
periments, field data, or CFD outputs. They run rapidly, but accuracy 
hinges on how well the training domain is represented. Reliability im
proves when inputs encode the physical drivers of pollutant formation 
such as temperature, residence time, and equivalence ratio.

Early semi-empirical work established predictive relationships be
tween operating conditions and emissions. Chandrasekaran and Guha 
[5] linked inlet pressure, temperature, and humidity to NOₓ using ICAO 
LTO data. Xi et al. [6] extended this approach with power-law fits 
incorporating flow rates and derived flame parameters. While both 
models captured the dominant trends, they assumed steady operation 
and fixed fuel composition, which limits their transferability to transient 

conditions or alternative fuels due to quasi-steady chemistry assump
tions and the absence of explicit links between residence time and 
burnout.

As transient and variable-load prediction gained importance, re
searchers turned to operational datasets. Katzenstein and Apt [7] 
analyzed minute-resolution turbine data and identified emission pen
alties during load ramping. Kochueva and Nikolskii [8] applied symbolic 
regression with fuzzy clustering to 36 000 samples, achieving high ac
curacy for CO and NOₓ and demonstrating that calibration on 
real-engine data improves reliability. However, in the absence of explicit 
physical constraints, extrapolation beyond the calibration envelope re
mains fragile.

Recent studies integrate physical descriptors into statistical models. 
Zhao et al. [9,10] and Bajwa et al. [11] showed that embedding mech
anistic variables improves generalization while preserving computa
tional speed, reporting MAPE of approximately 5.3 % and MAE of 
approximately 5.6 % under transient loads when features represent ki
netic and mixing scales.

Regression remains central for plant-scale monitoring. Egware and 
Kwasi-Effah [12] obtained very high internal R² values for CO₂ over four 
years, showing that strong correlation within a narrow dataset does not 
ensure validity under new fuels or off-design conditions. In the absence 
of uncertainty quantification, overfitting risk remains hidden. Domain 
checks, prediction intervals, and confidence bands are therefore 
required to prevent narrow-range fits from being misinterpreted as 
general reliability.

Table 2 traces the shift from curve-fits to CFD-assisted surrogates. 
Accuracy depends less on algebraic form than on how clearly a model 
represents pollutant-formation physics. Efficiency and fidelity are not in 
conflict; generalization improves when learned relationships retain 
transparent links to combustion chemistry and flow behavior.

Physics-Based emission models

Physics-based models estimate NOₓ and CO by directly solving the 
governing equations for flow, turbulence, and chemical kinetics. Unlike 
semi-empirical or data-driven methods, they capture the mixing and 
reaction processes that control pollutant formation. These models ach
ieve high predictive accuracy but remain computationally intensive and 
highly sensitive to boundary conditions, turbulence closure, and kinetic 
detail.

These approaches include reduced-chemistry CFD, which employs 
skeletal or truncated mechanisms to make three-dimensional simula
tions feasible, and chemical reactor networks (CRNs), which model 
combustion as interconnected ideal reactors that capture dominant ki
netics at lower computational cost [1,13].

Early frameworks coupled CFD and CRNs to balance fidelity and 
efficiency. Novosselov and Malte [14] combined RANS-based CFD with 
an eight-step methane mechanism, reproducing NOₓ and CO trends in 
laboratory and industrial combustors. Park et al. [15] arranged perfectly 
stirred and plug-flow reactors informed by CFD, matching test-rig data 
within experimental uncertainty while reducing runtime to the order of 
minutes.

As computing power increased, fully resolved CFD became more 
common. Filippov et al. [16] applied SST-RANS with detailed NOₓ ki
netics, achieving a normalized RMS deviation of approximately 0.15 in 
bench tests. Innocenti et al. [17] extended the analysis to aero-engine 
conditions, showing good agreement overall but up to 25 % CO error 
at idle due to localized quenching. These discrepancies confirm that 
predictive accuracy degrades when flame structure and temperature 
gradients are insufficiently resolved.

The flamelet-generated manifold (FGM) method, introduced by van 
Oijen and de Goey [18], couples detailed flamelet chemistry with 
manifold reduction to efficiently represent multidimensional premixed 
flames. Goldin et al. [19] showed that unsteady flamelet formulations 
capture transient CO and OH evolution more accurately than steady 
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variants. Klarmann et al. [20,21] incorporated stretch and heat-loss ef
fects, improving CO predictions at part-load conditions. Perpignan et al. 
[22] applied FGM to an inter-turbine burner and reproduced NOₓ 
trends, although CO was overpredicted due to incomplete quenching 
treatment. More recently, Wang et al. [23] and Tenango-Pirín et al. [24] 
reported prediction errors below 4 % for both pollutants using unsteady 
FGM in micro- and laboratory-scale combustors.

Thickened-flame models (TFM) and artificially thickened flame 

models (ATFM) remain practical tools for LES of premixed combustion. 
Castellani et al. [25] validated flame-structure predictions in gas-turbine 
geometries, illustrating current practice. Finite-rate chemistry has also 
been implemented in RANS and LES through PaSR, EDC, and EDM/FRC 
closures to resolve detailed kinetics and pollutant pathways [26–28]. 
These explicit rate-based models improve temperature sensitivity for 
NOₓ and CO predictions under lean-premixed operation.

Recent work emphasizes validation at elevated pressure. Ding et al. 

Table 2 
Data-driven and semi-empirical emissions models.

Study Model Type Inputs Targets Validation Data Validation Context Performance

Chandrasekaran & 
Guha [5]

Semi-empirical 
correlation

Inlet P, T, humidity NOx ICAO LTO 
database

6 turbofan models, LTO cycle Good agreement vs. P3-T3 & 
ICAO data; no metrics

Xi et al. [6] Empirical power-law fit Inlet P; CH₄ & air flow; 
derived flame params.

NOx, 
CO

12 steady cases 
(3–6 bar)

20 kW swirl combustor with 
C-D nozzle and gas probe

Good agreement; exponents 
reported

Zhao et al. [9] Semi-empirical 
regression (CFD-based)

Inlet P, air flow, CFD- 
derived Tpz

NOx CFD dataset (~5.9 
M cells)

Single-flame-tube CFD; 
parametric runs

No R² or RMSE reported

Kochueva & Nikolskii 
[8]

Symbolic regression +
fuzzy clustering

Turbine operating 
params.

NOx, 
CO

Industrial field 
data

36 733 hourly samples (5 yr) R² ≈ 0.89 (CO); R² ≈ 0.83 
(NOx)

Egware & Kwasi- 
Effah [12]

Multivariate linear 
regression

Inlet T, humidity, P-ratio, 
exhaust flow

CO₂ Ebsilon 
simulations

Calibrated with 4 yr 
operational data

R² = 0.998

Zhao et al. [10] CFD-derived 
polynomial surrogate

6 inlet boundary 
conditions

NOx CFD-generated 
data

152 OSF design points MAPE = 5.34 %

Bajwa et al. [11] Semi-empirical 
(physics-based)

Cycle-resolved pressure NOx Test rig (HSDI 
diesel engine)

Transient load steps MAE = 5.57 %; R² = 0.70

Notes: Concentrations are reported as in the original sources. For reference, at 25 ◦C and 1 atm, mg m⁻³ = (ppmv × MW) / 24.45, where MW is molecular weight (g 
mol⁻¹). The NOₓ-CO trade-off reflects a core combustion constraint targeted by these models.

Table 3 
Physics-Based Emission Models.

Study Modeling Approach Target Species Validation Platform Validation 
Cases (n)

Press/Temp 
Range

Runtime Key Findings / Accuracy

Novosselov & 
Malte [14]

RANS-CFD + CRN (8- 
step CH₄ mech.)

NOx, CO Bench & industrial 
combustors

8 + 5 5–20 atm; tests 
≈14 atm

Not 
reported

Good agreement between CFD 
and CRN predictions

Wegner et al. 
[32]

CFD (RANS, two- 
timescale model TSS)

CO (primary); 
UHC qualitative

Part-load burner rig 3 1 bar (part- 
load)

N/A Captured CO burnout via 
second progress variable; 
validated vs lab rig

Goldin et al. 
[19]

Flamelet-Generated 
Manifolds (1D/0D)

CO, OH Computational 
flamelet sim. (no exp.)

Multiple 1 atm; 300 K 
inlet

N/A CO and OH evolution sensitive 
to steady vs unsteady flamelets

Park et al. [15] CFD-guided CRN (PSR 
+ PFR)

NOx, CO Industrial DGT5 rig 13 1 bar; 305–417 
◦C inlet

Few CPU 
min (CRN)

Reproduced NOx & CO within 
exp. uncertainty

Andreini et al. 
[33]

Eulerian-Lagrangian 
CFD (film + spray)

- (fuel-spray 
only)

Aero-engine PERM 
injector rig

3 (Idle-Full) 5.3–22.4 bar; 
613–811 K

Not 
reported

Resolved atomization / film 
dynamics; no emission stage

Klarmann et al. 
[20]

FGM w/ stretch & 
heat-loss correction

- Atmospheric burner 
rig

1 1 bar; ~673 K 
inlet

N/A Improved flame-brush 
prediction without extra dims

Filippov et al. 
[16]

SST-RANS + detailed 
NOx kinetics

NOx Bench-scale 
combustor

4 1 bar; exhaust ≈
1500 ◦C

Not 
reported

Normalized RMS deviation ≈
0.15 (steady-state comparison)

Innocenti et al. 
[17]

k-ω SST CFD → CRN +
diffusion-flux

NOx, CO Aero-engine PERM rig 3 (Idle-Cruise- 
Takeoff)

5.3–22.4 bar; 
613–811 K

Few CPU 
min (CRN)

NOx error ≈ 20 %; CO ≈ 26 % 
at idle (extinction)

Klarmann et al. 
[21]

Extended FGM + CO 
transport + quenching

CO Part-load burner rig 5 1 bar; 300 ◦C 
preheat

Not 
reported

Matched measured CO; 
outperformed single-variable 
FGM

Perpignan et al. 
[22]

RANS (k-ε) + FGM +
NOx transport

NOx, CO 18◦ sector ITB rig 18 1 bar; 
preheated air

Not 
reported

Captured NOx trend; 
overpredicted CO; missed non- 
monotonicity

Fooladgar et al. 
[26]

CFD (RANS) + Finite- 
Rate Chem. (EDC- 
type)

Radicals, CO, 
soot precursors

Flat-flame burner Qualitative 1 atm Not 
reported

Qualitative agreement for 
radicals & T; limited quant. fit

Ding et al. [29] CFD (RANS) + FGM NOx (main) F-class engine data 2 ~16 MPa; 
1300–1500 K

Not 
reported

Rel. errors +1.42 % and − 5.5 % 
vs data

Tenango-Pirín 
et al. [24]

CFD (RANS / Unsteady 
Flamelet)

NOx, CO Published exp. flame 
data

3 (unsteady) Not stated Not 
reported

Low avg error CO ≈ 2.2 % 
(steady validation)

Wang et al. [23] CFD (RANS / Unsteady 
Flamelet)

NOx Micro-combustor rig 8 heat loads 0.36 MPa Not 
reported

Max local rel. error 3.56 %

Cheng et al. 
[34]

Physics-based 1D CFD 
+ Exp.

NOx, CO Counterflow burner 
rig

Few (limited) 1 atm Not 
reported

Qualitative agreement (laminar 
/ turbulent study)

Hajivand [27] CFD (RANS) + Finite- 
Rate Chem. (EDM/ 
FRC)

NOx TAY combustor rig 9 model 
variants

1 atm Not 
reported

Best (SST + EDM/FRC) mean 
deviation ≈ 2.3 % NOx

Huang et al. [1] 3D RANS + Finite-Rate 
Chem. + NOx post- 
proc.

NOx Industrial turbine rig 5 1.5–2.3 MPa; 
650–780 K

Not 
reported

NOx error ± 4.2 % vs measured
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[29] simulated startup of an F-class DLN 2.0+ turbine using RANS-FGM, 
matching field data within ±5 % at pressures of 0.9–1.5 MPa. Hajivand 
[27] compared nine turbulence–chemistry interaction models in a TAY 
rig and found the SST combined with EDM/FRC closure to be the most 
accurate, with a mean deviation of approximately 2.3 %. Huang et al. 
[1] applied finite-rate RANS to combustors operating at 1.5–2.3 MPa 
and achieved errors within ±4.2 % relative to measurements, confirm
ing increasing model maturity under industrial conditions.

Finite-rate and hybrid LES–CRN frameworks also clarify reaction 
pathways. Beige and Mardani [30] used LES–CRN coupling to isolate 
dominant NO formation loops, while Starik et al. [31] showed that 
kinetic-mechanism selection alone can alter predicted NOₓ levels by 
>50 %.

Despite major advances, physics-based models still require detailed 
kinetic data and accurate boundary specification, limiting their use for 
transients and fuel-flexible operation. Their predictive strength depends 
on turbulence-chemistry coupling and on resolving slow CO oxidation 
and quenching near cold walls. Evidence indicates that reliability scales 
with the fidelity of coupled transport and chemistry timescales rather 
than model size. Unsteady FGM and finite-rate RANS or LES achieve 
higher accuracy when both fast-flame and slow-burnout regimes are 
resolved. The main challenge is to retain mechanistic detail while 
reducing cost, now pursued through hybrid and physics-informed ma
chine-learning frameworks [13]. Table 3.

Machine-Learning and hybrid frameworks

Machine-learning methods complement physics-based simulations, 
which are limited in handling transient behavior, fuel variability, and 
component aging. These models learn nonlinear patterns from opera
tional data to allow near-real-time prediction for monitoring and con
trol. Hybrid architectures are designed to couple first-principles solver 
outputs or constraints with statistical learning methods such as CFD- 
trained surrogates, CRN-informed models, and physics-constrained 
Bayesian networks. Their reliability depends on representative sam
pling, disciplined temporal partitioning, and physically meaningful 
features [35,36].

Early work refined semi-empirical correlations rather than replacing 
them. Lipperheide et al. [35] embedded degradation corrections in a 
predictive emissions monitoring system (PEMS) workflow, reducing 
NOₓ error relative to baseline correlations. Using the UCI gas-turbine 
emissions dataset (36 733 hourly samples), Kaya et al. [36] showed 
that maintaining chronological order during validation prevents inflated 
accuracy. Si et al. [37] achieved U.S. EPA-level precision for NOₓ 
through disciplined tuning of network depth and learning rate, 
demonstrating that data management is as critical as network 
architecture.

Later studies sought accuracy with interpretability. Kochueva and 
Nikolskii [8] used symbolic regression with fuzzy clustering to derive 
compact analytical forms for NOₓ and CO (R² ≈ 0.83–0.89). Niño-Adán 
et al. [38] examined normalization effects on convergence and feature 
attribution. Dirik [39] coupled a neuro-fuzzy model with genetic opti
mization to capture nonlinear combustion behavior, while Li et al. [40] 
embedded neural networks within multi-objective optimization linking 
emissions to engine-performance trade-offs.

After 2023, focus shifted toward robustness and fuel flexibility. Potts 
et al. [41] showed that gradient-boosted ensembles can match 
reduced-kinetic PEMS accuracy with systematic feature selection. Aslan 
[42] and Hoque et al. [43] achieved R² > 0.92 using tuned ensembles on 
standardized datasets, marking the move from exploratory modeling to 
reproducible benchmarking. Modern pipelines employ nested 
cross-validation, rolling-window retraining, and Bayesian or genetic 
tuning with variance-aware temporal segmentation, improving stability 
under long-term drift.

Recent advances integrate ML flexibility with physical constraints. 
Reumschüssel et al. [44] trained Bayesian surrogates on swirl-rig 

experiments to interpolate NOₓ responses while quantifying uncer
tainty. Zhao et al. [10] built a polynomial surrogate from optimally 
sampled CFD data (MAPE ≈ 5 %). Mubashir et al. [2] trained 
support-vector models on CFD-generated datasets, achieving narrow 
confidence intervals and fast parametric exploration. These 
physics-guided surrogates retain explicit variables such as flame tem
perature and residence time, enabling extrapolation across fuels and 
loads with mechanistic transparency.

The key limitation remains fragile generalization. Models trained on 
narrow or static datasets lose accuracy under distributional drift. Weak 
validation discipline causes data leakage or inflated metrics [45]. Some 
studies rely on proxy targets lacking physical meaning, while uncon
strained networks may violate conservation laws unless regularized with 
physics-aware features. Data scope and constraint formulation, not al
gorithm depth, determine long-term reliability.

Across the literature, progress follows a consistent trajectory from 
empirical correlation to constraint-embedded learning. The defining 
advance is integrating physical knowledge directly into data pipelines, 
uniting interpretability with adaptability. This evolution positions ML as 
a quantitative complement to physics, forming the foundation for the 
hybrid architectures examined in Section 3.4. Further benchmarking 
using various ensemble and recurrent architectures on both standard
ized and proprietary engine datasets provides a broader basis for model 
comparison [46–51]. Table 4.

Advanced physics-based extensions

Advanced physics-based frameworks extend conventional CFD and 
LES to capture turbulence-chemistry coupling, pressure-dependent ki
netics, and wall heat loss, all of which govern NOₓ and CO formation in 
modern combustors. These models resolve mechanisms controlling 
emissions under realistic, fuel-flexible conditions.

LES remains the leading approach as it resolves the turbulent 
structures that drive mixing and flame stabilization while maintaining 
feasible computational cost. Yunoki et al. [52] showed that 
non-adiabatic LES captures wall heat loss causing CO buildup under lean 
operation. Chikishev et al. [53] used Proper Orthogonal Decomposition 
to link coherent vortical modes to NO and CO fluctuations, revealing 
structure-emission coupling. Castellani et al. [25] applied an artificially 
thickened-flame LES to hydrogen-methane blends, reproducing flame 
topology and radical pathways. These studies confirm that LES recovers 
transient emission physics, although accuracy depends on subgrid clo
sures and kinetic mechanisms.

CFD-CRN coupling enhances chemical resolution by feeding reactor 
networks with residence-time and scalar data from CFD. Fichet et al. [4] 
and Starik et al. [31] showed that predicted NOₓ can vary by over 50 % 
with kinetic-mechanism choice, exposing sensitivities absent in global 
models. Beige and Mardani [30] coupled LES with CRNs to isolate 
radical-formation zones and quantify equivalence-ratio effects on NO 
yield. This selective coupling preserves mechanistic clarity while 
moderating computational cost, identifying pathways that guide design 
optimization.

Physics-informed surrogates accelerate parametric analysis. Zhao 
et al. [10] built a polynomial surrogate from space-filling CFD datasets 
(MAPE ≈ 5 %). Mubashir et al. [2] trained support-vector regressors on 
CFD-generated data to predict NOₓ with ppm-level precision, enabling 
efficient burner optimization. These reduced-order models retain phys
ical relevance through features anchored to combustion-governing 
variables.

This paradigm marks a shift from reproducing averaged flow 
behavior to resolving localized events that control pollutant formation. 
Advanced simulations now capture the transient multiscale structures 
that supply the mechanistic data and physical constraints feeding 
reduced-order and hybrid models. High-fidelity physics provides the 
empirical foundation for training and bounding tractable frameworks. 
Predictive accuracy still depends on turbulence-chemistry fidelity, and 
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the main challenge is preserving this level of mechanistic detail at lower 
cost, which continues to drive the move toward hybrid and physics- 
informed methods. Table 5.

The progression from empirical correlations to advanced physics- 
based extensions forms a continuous expansion of mechanistic detail 
rather than a sequence of discrete replacements. Each paradigm carries 
forward characteristic constraints: empirical models are limited by data 
scope, physics-based models by computational cost, and machine- 
learning models by weak physical grounding. The prevailing trend 
across the literature is the emergence of hybrid architectures explicitly 
designed to overcome these inherited constraints. This evolution from 
separate methods to unified frameworks establishes the conceptual 
foundation for the synthesis developed in Section 4.

Cross-Method synthesis and discussion

This review examines four modeling paradigms: data-driven and 
semi-empirical, physics-based, machine-learning, and hybrid physics- 

ML, within a unified comparative framework. Each balances predic
tive fidelity, interpretability, and computational cost differently. Three 
trade-offs emerge: speed versus fidelity, data requirements versus 
interpretability, and static versus adaptive frameworks.

Speed vs. fidelity

Low-fidelity models, including semi-empirical correlations and 
reduced-order CRNs, are optimized for computational speed, producing 
results within milliseconds to a few CPU minutes [6,15]. They are 
widely used for online monitoring, control, and rapid design screening 
where responsiveness is essential. Accuracy decreases under transient or 
fuel-flexible operation because simplified transport and kinetic as
sumptions cannot capture quenching, stratification, or unsteady 
behavior.

High-fidelity approaches such as RANS-based CFD and LES resolve 
turbulence-chemistry coupling and provide detailed information on 
flame stabilization and pollutant formation [1,25,55]. These models are 

Table 4 
Representative Machine-Learning and Hybrid Frameworks for Gas-Turbine Emission Prediction.

Study (year) Model (short) Targets Data source & size Train / val / test split Key performance (primary metric) Notes

Lipperheide 
et al. [35]

Semi-empirical PEMS 
with aging corrections

NOx Three heavy-duty 
turbines; ~370 000 
points (3 yr)

Commissioning for 
formulation; 3-yr ops 
test

RMSE reduced 54 % to 1.26 ppm Aging-calibrated 
correlation vs baseline

Kaya et al. [36] ELM CO, NOx UCI PEMS 
(2011–2015), 36 733

Chronological 
2011–12 / 2013 / 
2014–15

MAE CO = 0.89 mg m⁻³; MAE NOx =
7.27 mg m⁻³

Temporal order 
preserved

Si et al. [37] ANN (Keras) NOx CEMS, 15 106 hourly 80/20; internal 90/ 
10 val

MAE = 0.5982; r = 0.9451; diff = 0.14 
%

Open-source Keras; 
32–64–64–64; Nadam

Kochueva & 
Nikolskii [8] †

Symbolic regression +
fuzzy clustering

NOx, CO UCI PEMS ~37 000 70/30 on subsets R² ≈ 0.89 (CO); R² ≈ 0.83 (NOx) Compact symbolic 
forms; cluster- 
dependent

Li et al. [40] ANN for optimization NOx 
(+others)

F-class engine ops 
(proprietary)

70/15/15 R² ≈ 0.96 (NOx) Combustion/ops 
tuning

Niño-Adán et al. 
[38]

ANN + normalization 
study

NOx, CO UCI PEMS ~37 000 70/30 Normalization improved convergence/ 
attribution

Feature relevance 
examined

Dirik [39] ANFIS + GA NOx UCI PEMS ~37 000 70/30 R = 0.899; RMSE = 5.16 mg m⁻³ GA-optimized neuro- 
fuzzy

Aquize et al. 
[46]

NARX (recurrent) NOx 
(context)

Siemens SGT6–5000F 
ops data; 2 305 records

70/15/15 RMSE = 0.4411 % (relative); R² ≈ 1 Internal dataset; 
temporal forecasting

Faqih et al. [47] XGBoost + K-Means NOx, CO DLE engine ops; ~100 
000

70/30 R²(NOₓ)=0.93; R²(CO)=0.71 Semi-supervised 
segmentation

Potts et al. [41] XGBoost (vs kinetics 
PEMS)

NOx Siemens SGT400: full 
= 5860 × 174; 
cropped = 6429 × 88

10-fold CV RMSE full = 4.08 ppm; cropped = 0.95 
ppm

Cropped feature set 
more stable

Aslan [42] Ensembles (various) NOx UCI PEMS 36 733 80/20 R² = 0.9204; RMSE = 3.95 ppm; MAE =
2.17 ppm

Tuned ensembles; 
benchmarked

Coelho et al. 
[48]

Deep Forest 
(ensemble)

CO, NOx UCI PEMS 36 733 5-fold CV CO: R² ≈ 0.54, RMSE = 1.45 mg m⁻³; 
NOx: R² ≈ 0.47, RMSE = 7.65 mg m⁻³

Favored 
interpretability

Dai et al. [49] TSECIT2FNN-LSTM NOx UCI PEMS ~37 000 60/40 R² ≈ 0.9997 Self-evolving fuzzy 
rules

Hoque et al. [43] Ensembles 
(benchmark)

NOx UCI PEMS 36 733 80/20 R² = 0.9276; RMSE = 2.93 ppm; MAPE 
= 3.45 %

Broad model 
comparison

Reumschüssel 
et al. [44]

Bayesian surrogates 
(hybrid exp+ML)

NOx 
(+others)

Swirl rig; 76 points 
(NOx)

CV on exp. points Rel. error = 4.4 % (NOx) Design optimization +
UQ

Shaik et al. [50] XGBoost Energy 
yield 
(proxy)

UCI PEMS ~36 000 80/20 R² = 0.9983; RMSE = 0.6412; MAE =
0.4616

Proxy target; limited 
interpretability

Mubashir et al. 
[2]

Hybrid CFD-ML (SVR 
surrogate)

NOx CFD-generated dataset 5-fold CV RMSE ≤ 0.0023; MAE ≤ 0.0023; CI ±
1.8 ppm

SVR with CIs; fast 
exploration

Sinap [51] Stacking ensemble 
(GBDT/LGBM/ 
CatBoost+XGB)

NOx, CO UCI PEMS 36 733 
hourly

80/20 NOx: RMSE = 2.77 mg m⁻³, R² =
0.9194; CO: RMSE = 0.46 mg m⁻³, R² =
0.8556

Outlier handling 
improved stability

Winarto et al. 
[45]

Stacked ensemble NOx, CO 
(+others)

Engine PEMS (size n/ 
r)

Not specified CO: RMSE = 0.00959, MAE = 0.00439, 
MAPE = 0.00300, R² = 1.0000; NOx: 
RMSE = 0.00461, MAE = 0.00140, 
MAPE = 0.00642, R² = 1.0000

Dataset size/split not 
reported; interpret 
with caution

Notes. Concentrations are reported as in the original studies. At 25 ◦C and 1 atm, mg m⁻³ ≈ (ppmv × MW) / 24.45, where MW is the molecular weight (g mol⁻¹). Metrics 
shown correspond to each study’s stated best-case test performance. Runtime information follows the cited publications; several omitted this parameter, underscoring 
the continued lack of standardized computational-cost reporting.

† Also listed in Table 2 as a transitional study using symbolic regression to derive an interpretable semi-empirical relation. 
Studies are listed chronologically to illustrate the evolution of model architectures; citation numbers reflect the order of first appearance in the main text.
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effective for analyzing low-emission combustion and alternative fuels 
such as hydrogen and ammonia [28]. However, these simulations often 
require from tens to several thousand CPU hours per case, as reported by 
Filippov et al. [16] and Castellani et al. [25], limiting their practicality 
for large design sweeps or real-time use.

Hybrid strategies seek a balance between accuracy and efficiency by 
combining CFD or experimental data with reduced-order or ML 

surrogates. Examples include CFD-informed CRNs [4,30], and surro
gates trained on CFD-generated datasets [2,10]. These frameworks 
retain mechanistic fidelity while reducing runtime by one to two orders 
of magnitude, although their reliability outside trained regimes remains 
uncertain, particularly during transients.

A recurring limitation, illustrated in Fig. 2, is the inconsistent 
reporting of runtime. Many studies describe models as “low-cost” or 

Table 5 
Advanced Physics-Based Emission Modeling Frameworks.

Study Approach Target species Validation Validation cases / 
dataset

Operating 
conditions 
(highlights)

Key outcome / accuracy

Biagioli & 
Güthe [54]

LES with prompt / post- 
flame NOx (Damköhler 
split)

NOx ALSTOM EV double-cone 
burner (exp + LES)

n = 23 (8 at 1 bar; 
15 at 15 bar)

1 and 15 bar; varied 
ϕ

Unmixedness reversed the NOx 
pressure-exponent trend.

Fichet et al. 
[4]

Automated RANS → CRN 
mapping (PSRs)

NOx Lab flame-tube (NG) 3 loads (100 %, 75 
%, 50 %)

15 / 11.5 / 8.7 bar NOx error ≈ 3 % nominal; ≈ 11 % 
at 50 % load.

Starik et al. 
[31]

CRN mechanism- 
sensitivity study

NOx Diffusion and 
homogeneous 
combustors

3 mechanisms 
compared

7–12 bar; CH₄ and 
kerosene

NOx predictions varied > 50 % 
with mechanism choice.

Serbin et al. 
[55]

3-D CFD (EDC + DPM; 
detailed / reduced 
kinetics)

NOx, CO Dual-fuel low-emission 
combustor vs literature

4 cases 2–5 bar; Ta ≈ 770 K Predicted NOx ≈ 32 ppm, CO ≈ 9 
ppm for radial injection.

Yunoki et al. 
[52]

LES (non-adiabatic FGM) CO (+ qualitative 
NOx)

Literature test rig Qualitative 
comparison

5 bar; Tin ≈ 673 K; 
cooled walls

Heat loss increased CO at lean 
operation.

Chikishev 
et al. [53]

LES (FGM) + POD of 
coherent structures

NOx, CO PIV-validated rig n = 3 cases ≤ 3.4 atm; Tin ≈ 500 
K

POD linked coherent vortices to 
localized NOx/CO fluctuations.

Beige & 
Mardani 
[30]

Hybrid LES (LES + CRN 
coupling)

NOx DLR GTMC rig 
(literature)

Qualitative 
comparison

Atmospheric Identified vortical zones 
enhancing radical formation.

Bode et al. 
[56]

Physics-informed GAN 
sub-filter (PIESRGAN)

Combustion 
scalars

DNS of isooctane flame 
kernel

DNS database 
(single kernel)

≈ 6 bar DNS GAN reconstructed fine LES-scale 
fields consistently.

Castellani 
et al. [25]

LES with Artificially 
Thickened Flame (ATFM)

Flame dynamics 
(H₂ blends)

Cardiff GTRC rig (OH*, 
flame shape)

Quantitative +
qualitative tests

Atmospheric; H₂- 
CH₄ blends

ATFM reproduced OH* and 
flame-shape trends with H₂ 
fraction.

Zhao et al. 
[10]

CFD-ML surrogate (space- 
filling design)

NOx CFD training dataset 152 design samples Parametric range MAPE = 5.34 %; validated CFD- 
ML workflow.

Ercole et al. 
[28]

LES comparison (PaSR vs 
EDC / FPV)

Flame dynamics CECOST burner (PIV 
literature)

Comparative cases Atmospheric / lab Quantified model-dependent 
flame-structure differences.

Mubashir 
et al. [2]

Hybrid CFD-ML (SVR 
surrogate)

NOx CFD dataset; 5-fold CV Design space 
unspecified

Not reported RMSE = 0.0023; CI ± 1.8 ppm; 
optimized burner design.

Zhou & Wang 
[57]

LES with Second-Order 
Moment (SOM) model

Flame dynamics Literature swirling non- 
premixed flames

Qualitative 
comparison

Not specified SOM captured macroscopic flame 
dynamics with qualitative 
agreement.

Notes: Concentrations are as reported in the original studies. At 25 ◦C and 1 atm, mg m⁻³ = (ppmv × MW) / 24.45, where MW is molecular weight (g mol⁻¹). Operating 
conditions (pressure, temperature, ϕ) follow original sources; not specified indicates missing data. Runtime metrics are reported when available, reflecting the 
persistent absence of standardized computational-cost reporting.

Fig. 2. Computational cost versus model fidelity. 
Qualitative hierarchy of modeling approaches with indicative computational trends. Approximate runtime ranges adapted from Park et al. [15], Filippov et al. [16], 
and Castellani et al. [25].
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“computationally intensive” without specifying solver settings, hard
ware, or parallelization method. This inconsistency hinders objective 
evaluation of computational trade-offs and obscures practical scalabil
ity. Standardized reporting of solver settings, hardware, and paralleli
zation would markedly improve transparency and comparability.To 
contextualize the “Not Reported” entries, we provide an illustrative 
synthesis of computational cost based on representative configurations 
reported in the reviewed literature. For industrial-scale combustor sec
tors modeled with contemporary mesh resolutions, empirical and semi- 
empirical models typically execute in sub-second time on standard 
CPUs. Reduced-order chemical reactor network (CRN) models generally 
converge within seconds to minutes per operating point, depending on 
network size and chemistry reduction; for example, Fichet et al. [4] 
reported runtimes on the order of 10³ seconds for networks comprising 
several hundred reactors.

In contrast, high-fidelity simulations impose substantially higher 
computational demands. Finite-rate RANS calculations commonly 
require on the order of 10³ processor-hours per case [26], while recent 
LES studies employ meshes exceeding several million cells and incur 
transient computation costs approaching 10⁴ CPU-hours for a single 
operating condition [25,28]. Taken together, these ranges span multiple 
orders of magnitude and define the practical speed–fidelity trade-off: 
empirical models remain the only viable option for online monitoring, 
whereas LES is currently restricted to offline mechanism development 
and validation.

Data needs vs. interpretability

Interpretability determines confidence in engineering decisions, 
regulatory approval, and diagnostic assessment. As shown in Fig. 3, 
model transparency decreases as data demands rise, illustrating the 
trade-off between interpretability and dataset scale.

Empirical and semi-empirical methods (Table 2) use closed-form 
relationships derived from combustion theory or regression analysis. 
Their coefficients correspond to identifiable physical quantities, 
enabling root-cause tracing, validation against measurements, and 
straightforward auditing. These models remain effective with limited 
datasets (about 10²− 10³ samples), supporting field calibration, 

compliance monitoring, and early-stage design screening.
Purely data-driven approaches, including neural networks, ensemble 

regressors, and long short-term memory models [37,49], deliver high 
predictive accuracy when trained on large datasets (roughly 10⁴− 10⁵ 
samples). Their internal parameters lack direct physical meaning, 
limiting interpretability and diagnostic use. Robustness depends on how 
well the training data represent the operating domain, and retraining is 
often required when boundary conditions, fuels, or load regimes vary.

Hybrid frameworks seek to combine accuracy with interpretability 
by embedding physics-based information into statistical architectures. 
Examples include models incorporating CFD- or CRN-derived features 
[2,10], and symbolic-regression formulations that yield algebraic ex
pressions consistent with combustion mechanisms [8]. These maintain 
partial mechanistic transparency while improving computational effi
ciency but still depend on careful feature selection and rigorous 
validation.

This trade-off defines a central research objective: to develop emis
sion models that remain interpretable and data-efficient while providing 
transferable accuracy across fuels, ambient conditions, and operating 
transients.

Static vs. adaptive frameworks

Static models are calibrated once and applied without further 
adjustment. They perform reliably within the tuned operating envelope 
but lose accuracy as system conditions change. Long-term field studies 
show degradation from component aging [35], and reduced fidelity 
under transient or off-design conditions [6,11,29]. These effects inten
sify in hydrogen-enriched or variable-load combustion, where emissions 
exhibit strong nonlinearity [23,24].

Adaptive frameworks mitigate these limits through periodic 
retraining or continuous online learning. Studies using stacked ensem
bles and hybrid surrogates [2,43,45], sustain accuracy by updating pa
rameters as new operational data are incorporated. Physics-guided 
adaptive schemes are emerging: Reumschüssel et al. [44] applied 
Bayesian optimization to refine surrogate fidelity as additional physical 
data became available, showing how uncertainty metrics can direct 
targeted data acquisition. These approaches shift practice toward 

Fig. 3. Data Needs vs. Interpretability. 
Conceptual mapping of emission-modeling paradigms showing the trade-off between data requirements and interpretability. Representative dataset scales are drawn 
from Mubashir et al. [2], Kosheleva and Nikolskii [8], and Dai et al. [49].
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models that preserve mechanistic grounding while adapting to evolving 
conditions.

Adoption of adaptive modeling adds new requirements for data 
governance and lifecycle management. Continuous learning demands 
validated datasets, version control, and transparent documentation of 
retraining cycles to meet regulatory and traceability standards. The shift 
from static to adaptive frameworks expands predictive capability rather 
than replacing existing methods. Standardized protocols for drift 
detection, retraining cadence, and auditability ensure reliability in long- 
term operation.

For operational deployment, actionable practices can be inferred 
from validation constraints reported in Lipperheide et al. [35] and Si 
et al. [37]. Retraining is typically triggered by performance drift, for 
example when the moving average of the prediction residual exceeds 
sensor measurement uncertainty for a sustained period. For NOₓ, this 
uncertainty is commonly on the order of ±2–5 ppm, consistent with the 
EPA-compliant precision reported by Si et al. [37], and exceedance over 
>24 operational hours has been used as a practical threshold. Retraining 
frequency depends on operating regime: quarterly updates are generally 
sufficient for base-load units to capture seasonal effects and component 
aging [35], whereas peaking units or systems operating with hydrogen 
blends benefit from event-based updating. To maintain stability during 
online adaptation, parameter updates are commonly constrained within 
physics-based bounds, a safeguard supported by constrained optimiza
tion approaches such as those described by Reumschüssel et al. [44].

Applicability domains and model selection

Model choice reflects the trade-offs summarized in Figs. 2–4 and the 
application mapping in Table 7. Selection should consider four factors: 
data availability, computational budget and latency, interpretability 
requirements, and operating variability.

For rapid design-space exploration, automated CRN pipelines and 
CFD-derived surrogates are most effective. CRNs enable transparent 
“what-if” analyses across parametric ranges [4], while polynomial or 
sparse surrogates built from CFD data can evaluate designs orders of 
magnitude faster than full simulations while retaining core physics [10]. 
Use these when coverage and turnaround time outweigh pointwise 
precision.

For analyzing flame stabilization, heat loss, and radical pathways, 
high-fidelity physics remains indispensable. A tiered workflow is prac
tical: use LES or finite-rate RANS to anchor boundary conditions and 
mechanisms [25,28], then apply reduced CRNs or surrogates to map 
sensitivities. Hybrid LES→CRN or LES→surrogate chains reduce cost 
while maintaining causal traceability, especially for hydrogen and 
lean-premixed regimes.

Where auditability is required, interpretable or semi-empirical PEMS 
are preferred, optionally enhanced with degradation-aware corrections 
[35]. Black-box models can be acceptable when validation, drift 

monitoring, and change-control procedures are documented [37]. 
Models whose parameters retain physical meaning remain most defen
sible under regulatory scrutiny.

Millisecond-level inference favors compact ML surrogates or en
sembles trained on curated feature sets [41,49]. They should include 
safeguards such as domain checks, uncertainty thresholds, and fallback 
logic constrained by physics-based limits. Online retraining is warranted 
only when data quality and governance are verified.

For fleet benchmarking and life-cycle analytics, physics-informed 
surrogates coupled with Bayesian or active-learning loops can target 
data in high-uncertainty regions [44]. Stacked or hybrid surrogates scale 
efficiently across units but require strict documentation of dataset 
provenance and split methodology to avoid inflated performance claims 
[2,45].

In practice, start with the least complex framework that meets the 
decision objective.

Synthesis of research gaps and future directions

Significant progress has been achieved across empirical, physics- 
based, machine-learning, and hybrid methods, yet key limitations still 
restrict predictive reliability under operational conditions.

Transient and off-design emissions
Most models rely on steady data, yet turbines experience rapid 

transients where thermal and chemical time scales overlap. Ding et al. 
[29] and Tenango-Pirín et al. [24] observed sharp NOₓ deviations dur
ing load shifts, while Bajwa et al. [11] and LES studies [23,53] linked 
these spikes to coherent vortical modes. The unresolved issue is how 
turbulence intermittency modifies finite-rate chemistry beyond 
quasi-steady assumptions. Future work should quantify this interaction 
using time-resolved diagnostics and validated transient datasets.

Fuel-Flexible kinetics and mechanistic generalization
The shift toward hydrogen, ammonia, and syngas reveals the 

fragility of kinetic schemes tuned for methane. LES and CRN studies [23,
25,34], show that altered radical pools and pressure-dependent 
branching change NOₓ formation routes, reducing cross-fuel predict
ability. Detailed mechanisms remain computationally expensive, while 
reduced forms lose accuracy outside their calibration range. The barrier 
lies in preserving pressure and cross-species coupling during simplifi
cation. Future work should develop fuel-agnostic reduced mechanisms 
validated on unified multi-fuel datasets for consistent modeling across 
hydrogen-carbon blends and zero-carbon fuels.

Data fidelity and domain coverage
Many ML emission models show high accuracy within limited plant 

datasets but fail when fuel composition, ambient conditions, or 
component wear differ from the training domain. Studies by Aslan [42], 
Hoque et al. [43], and Coelho et al. [48] highlight this gap between 
internal fit and external validity. The main challenge is domain-aware 
architecture, not data volume. Reliable frameworks should include 
out-of-domain detection, physics-based feature constraints, and uncer
tainty propagation. Open benchmark datasets with controlled variation 
in load, fuel, and environment [2,44] are needed for reproducible 
training and consistent cross-domain assessment.

Uncertainty quantification and reliability
Most emission models report deterministic accuracy metrics such as 

RMSE or R² without conveying confidence bounds, leaving predictive 
reliability untested. Even recent ML frameworks [49,51] seldom 
distinguish between uncertainty arising from limited data and that 
intrinsic to combustion variability. Bayesian surrogates [44], and SVR 
implementations with confidence intervals [2], prove that formal un
certainty quantification (UQ) can be embedded without excessive cost. 
The next step is to institutionalize UQ as a standard validation layer, 

Fig. 4. Static and adaptive emissions modeling across the engine lifecycle. 
Conceptual schematic illustrating performance drift in static models versus 
stability in adaptive frameworks. Trends are qualitative and not to scale.
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separating epistemic from aleatoric components to ensure traceable, 
risk-informed deployment of emissions models in operational settings.

Interpretable hybrid architectures
Predictive accuracy alone does not meet diagnostic, certification, or 

regulatory needs. Hybrid frameworks that combine mechanistic solvers 
with data-driven inference [2,10] show promise but remain hard to 
audit. Symbolic regression [8], and physics-informed generative models 
[56], move toward interpretability, yet scalability across fuels and 
transients is untested. Effective designs keep latent variables thermo
chemically meaningful and parameters tied to measurable quantities. 
Progress relies on shared validation protocols, transparent benchmarks, 
and open experimental-simulation datasets that support adaptable, 
fuel-flexible, interpretable models with quantified uncertainty.

Table 6 summarizes the cross-paradigm trade-offs identified in this 
review, aligning fidelity, interpretability, and adaptability within a 
unified decision framework. It shows how speed, data scope, and cali
bration strategy define the operational and research priorities of modern 
emission-prediction practice, linking the detailed analyses of Sections 
3–4 with the conclusions that follow.

Conclusions

No single modeling paradigm provides uniform reliability for gas- 
turbine emission prediction. Effective practice remains hierarchical, 
selecting the least complex model that meets the decision requirement 
and increasing fidelity only when uncertainty, novelty, or regulation 
demands it, guided by data availability, computational cost, and 
interpretability.

This review's synthesis provides clear answers to its guiding ques
tions. The surveyed frameworks form a continuum of increasing mech
anistic integration, where reliability under transient and fuel-flexible 
conditions depends primarily on how well a model captures turbulence- 
chemistry coupling, domain coverage, and explicit uncertainty. The 
most relevant advancement is the hierarchical convergence of these 
paradigms, in which physics-based simulations now serve as the 
mechanistic foundation that trains, constrains, and validates more 
scalable hybrid frameworks.

Three priorities define the next phase of progress. Validation must 
emphasize operational realism through transient and off-design bench
marks, with studies reporting hardware-specific runtime, quantified 
error, domain coverage, and uncertainty. Research should advance fuel- 
flexible reduced mechanisms validated on systematic multi-fuel datasets 
to ensure consistent prediction across hydrogen, ammonia, and syngas 
blends. Future architectures should embed physics-guided features, 
active learning, and uncertainty quantification so predictions remain 

both accurate and traceable for engineering and regulatory use.
The evidence synthesized in this review indicates that the next 

generation of emissions models will not be defined by algorithmic 
novelty but by their architecture of integration. Future progress will be 
measured by how effectively these frameworks couple the mechanistic 
fidelity of physics-based simulations with the adaptive efficiency of 
data-driven methods. The emerging paradigm is one where high-fidelity 
physics is no longer the endpoint of modeling but the foundational 
source of constraints and validation data for more tractable, interpret
able, and continuously updated hybrid systems. This shift reframes the 
ultimate goal: from finding the single 'best' model to engineering a 
verifiable, lifecycle-aware modeling ecosystem.
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Table 6 
Key Trade-Offs Across Modeling Paradigms.

Trade-Off Low-Fidelity / High-Speed Physics-ML Hybrids 
(Intermediate)

High-Fidelity / Low-Speed Implications (Practice + Research)

Speed vs Fidelity Semi-empirical correlations and 
reduced CRNs; run in 
milliseconds to minutes; 
simplified transport and kinetics 
[6,11,12].

Surrogates trained on CFD or rig 
data; seconds to minutes; retain 
key physical behavior [2,10,44].

LES or detailed-chemistry CFD; 
hours to thousands of CPU hours; 
fully resolve turbulence- 
chemistry [25,28,52,53].

Practice: Low- and mid-fidelity models 
enable real-time monitoring and design 
scans; high-fidelity remains essential for 
mechanism analysis and novel fuels. 
Research: Quantify surrogate error bounds 
and define substitution limits for CFD.

Data Need vs 
Interpretability

Symbolic or empirical models; 
transparent; modest data; 
accuracy declines beyond 
calibration [6,8].

Physics-guided ML and CFD- 
trained surrogates; moderate 
data; partially interpretable 
through embedded physics [10,
44]

First-principles CFD; inherently 
interpretable; minimal prior data 
but high computational cost [28,
52].

Practice: Transparency aids auditing and 
regulatory traceability. Research: Develop 
explainable and uncertainty-aware hybrid 
frameworks benchmarked against 
interpretable baselines.

Static Calibration 
vs Adaptive 
Updating

Fixed correlations or lookup 
tables; performance drifts with 
aging, fuel shifts, or ambient 
change [11].

Periodic or online retraining using 
operational data; accuracy 
maintained if data pipelines 
remain reliable [41,45].

High-fidelity models generalize 
well but are too slow for frequent 
updates [25,28].

Practice: Fleet monitoring benefits from 
hybrids with scheduled retraining and 
safeguards. Research: Formalize data- 
curation, drift-detection, and safe-update 
protocols for dynamic operation.

Table 7 
Modeling Paradigms and Their High-Impact Use Cases.

Lifecycle Stage Application Focus Preferred 
Modeling 
Approaches

Primary Advantage

Early Design 
and Concept 
Screening

Preliminary 
combustor 
geometry, 
parametric “what- 
if” studies

Reduced-order 
CRNs [4]; 
CFD-derived 
surrogate models 
[10]

Enables rapid 
design exploration 
with minimal 
computational cost

Fuel-Flexible 
and 
Combustor 
Development

Hydrogen or SAF 
combustion, flame 
stabilization, lean 
operation

LES with finite- 
rate chemistry 
[28]; hybrid 
LES-CRN 
coupling [30].

Resolves flame 
structure and 
radical pathways 
for alternative-fuel 
validation

Regulatory and 
Compliance 
Operations

Continuous 
emissions 
monitoring and 
verification

Adaptive hybrid 
PEMS [35]; 
validated 
ANN-based PEMS 
[37]

Provides audit- 
compliant accuracy 
and compensates 
for operational drift

Real-Time 
Engine 
Control and 
Optimization

Feedback control, 
transient-load 
adaptation

Ensemble ML 
surrogates and 
LSTM 
architectures [41,
49]

Achieves 
millisecond-scale 
inference for active 
emissions 
mitigation

Digital Twin 
and Fleet- 
Level 
Optimization

Multi-engine 
benchmarking, life- 
cycle analytics

Integrated 
physics-ML 
platforms [44]; 
automated CRN 
mapping [4]

Supports predictive 
maintenance and 
long-horizon 
emissions 
management
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