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Gas turbine performance and emission prediction are essential for condition monitoring, fault 

detection, predictive maintenance, and regulatory compliance, but conventional black-box 

models provide limited interpretability and poor subsystem-level traceability. This study 

proposes a domain-knowledge-guided modular neural network framework that decomposes 

gas turbine behavior into physically meaningful modules trained individually and integrated 

into a system-level model. Domain knowledge is embedded through modular decomposition, 

structured information flow, and physically meaningful inter-module connections, enabling 

measurement-level interpretation, module-level traceability, and modular updating. The 

framework is evaluated using two case studies. The framework is general at the modelling-

procedure level, but the specific modular decomposition is case-specific and must be 

redefined according to the engine architecture, available measurements, measurement 

resolution, and target outputs. A high-bypass turbofan dataset, representative of a Pratt & 

Whitney PW-4056-like configuration, assesses detailed component-level modelling under a 

controlled single-realization measurement-noise perturbation. Under the controlled 

perturbation, the framework achieved a maximum mean absolute percentage error of 

approximately 2.62%, indicating stable prediction for the tested sensor-noise case. A real 

industrial predictive emission monitoring dataset evaluates adaptability using a reduced 

section-level structure based on available ambient, process, and emission measurements. 

Although initial integration showed cascading error, sequential fine-tuning reduced 

downstream emission mean absolute error by approximately 10.6% for CO and 39.2% for 

NOx. The fine-tuned framework matched monolithic Artificial Neural Network accuracy 

while providing intermediate predictions and subsystem-level error traceability, supporting 

interpretable gas turbine digital twins. 

Keywords: Performance prediction; Emission prediction; Modular neural network; Domain knowledge 

integration; Data-driven modelling. 

1. Introduction 
Gas turbines are widely used in aerospace 

propulsion and industrial power-generation 

applications because of their high-power density, 

operational flexibility, and reliability. During 

operation, gas turbines experience continuously 

varying working conditions due to changes in 
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operating settings, ambient temperature, pressure, 

humidity, load demand, and mission profile. 

These variations affect gas-path parameters, 

component efficiencies, fuel consumption, 

emissions, and overall system performance. In 

addition, as gas turbines accumulate operating 

hours, their performance and health condition 

inevitably change due to degradation, fouling, 

erosion, component faults, and maintenance 

actions 1. Recent reliability studies have also 

shown that varying environmental conditions 

and operational settings can affect gas turbine 

degradation and failure behavior, highlighting 

the need for measurement-driven models that 

account for changing operating contexts 2. 

Accurate interpretation of gas turbine 

measurements is therefore essential for safe 

operation, efficient energy conversion, condition 

monitoring, predictive maintenance, and 

regulation-compliant operation. 

This requirement has motivated the development 

of measurement-driven gas turbine models 

capable of predicting performance-related 

quantities under variable operating conditions. 

Such measurement-based performance analysis 

has long been central to gas turbine diagnostics 

and health monitoring 3. In engine health 

management, such models support continuous 

assessment of system behavior and help reduce 

reliance on offline or post-operation analysis 

alone 4,5. However, gas turbines are multi-

component systems in which changes or 

prediction errors in one section can propagate 

through downstream components and affect the 

overall system response 6. Therefore, an 

effective modelling framework should provide 

not only accurate predictions but also 

subsystem-level traceability, measurement-level 

interpretation, and the ability to analyze how 

errors evolve across interconnected components. 

The concept of digital twins has further 

increased the need for accurate, traceable, and 

updateable gas turbine models for performance 

assessment, degradation monitoring, and fault 

diagnosis 7–10. Traditional gas turbine 

performance modelling has relied on 

thermodynamic relationships and component 

characteristic maps. Previous studies developed 

map-based and modular performance models for 

part-load prediction, aero-derivative gas turbines, 

and detailed component analysis 11–13. Although 

these approaches are physically meaningful, 

their practical implementation can be limited by 

the availability of accurate component maps, 

which are often proprietary to manufacturers and 

unavailable to end users 14,15. In addition, 

interpolation over limited map data can be 

unreliable when the engine operates over wide 

environmental ranges, transient conditions, or 

degraded states 16. 

With the increasing availability of operational 

measurements, data-driven modelling has 

emerged as an effective approach for gas turbine 

performance prediction, emission estimation, 

fault detection, and condition monitoring. ANN 

and related machine-learning models have 

demonstrated strong capability in capturing 

nonlinear relationships between operating 

conditions and performance outputs using 

industrial, experimental, and simulated data 17–21. 

Similar methods have been developed for gas-

path fault detection and isolation, including 

neural-fuzzy networks, ANN-based diagnostic 

architectures, hybrid SVM-ANN frameworks, 

and dynamic prediction models for anomaly 

detection 22–27. Although these approaches can 

provide accurate predictions, many of them treat 

the gas turbine as a monolithic input–output 

system or use domain models mainly to generate 

training data. This limits their ability to represent 

interactions among individual gas turbine 

components and to trace how prediction errors 

propagate through the system. This limitation is 

important because gas turbines contain 

interacting sections connected through gas-path 

flow, shaft-speed coupling, fuel addition, 

bypass/core flow interaction, and exhaust mixing. 

Therefore, although monolithic models may 

provide useful final-output accuracy, they often 

lack the structural transparency needed for 

measurement-level interpretation, subsystem-

level error tracing, and modular model updating. 

This motivates modular modelling approaches 

that explicitly represent component-level 

relationships while incorporating gas turbine 

domain knowledge and maintaining consistency 

across interconnected modules. 
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In addition to performance prediction and fault 

diagnosis, predictive emission monitoring has 

become an important application of data-driven 

gas turbine modelling. Predictive emission 

monitoring systems estimate emission-related 

outputs such as carbon monoxide (CO) and 

nitrogen oxides (NOx) from available ambient 

and process measurements, providing an 

alternative to direct emission measurement when 

continuous monitoring is difficult or costly. The 

industrial predictive emission monitoring system 

(PEMS) dataset introduced by Kaya et al. 28 is 

particularly relevant because it reflects real 

operating variability, measurement uncertainty, 

partial sensor availability, and nonlinear 

emission behavior. However, many predictive 

emission models are still formulated as direct 

input–output mappings from measured variables 

to final emissions, which limits their ability to 

explain intermediate gas-path behavior or 

support subsystem-level traceability. 

Recent studies have also shown the growing use 

of data-driven, data mining, and surrogate-

modelling approaches in gas turbine engineering 

beyond direct performance prediction. For 

example, Yang et al. 29 developed a data-mining-

based optimization framework for a multi-stage 

axial flow gas turbine, while Zeng et al. 30 

applied a surrogate-model-based optimization 

method to the design of a heavy-duty gas turbine 

intake air volute. These studies demonstrate the 

increasing role of data-driven approximations in 

gas turbine component-level analysis and 

performance improvement.  

In parallel, other studies have attempted to 

improve the engineering relevance of data-

driven gas turbine models by incorporating 

domain knowledge into model development. 

Rather than relying only on direct black-box 

mappings between measured inputs and final 

outputs, these approaches use prior knowledge 

of gas turbine operation to guide feature 

selection, model structure, or the interpretation 

of predicted quantities. Liu and Huang 31 

developed a data-driven gas turbine modelling 

approach that considered physical relationships 

in the learning process, while Lin et al. 32 

proposed an aircraft engine thrust prediction 

model by combining domain knowledge with 

neural networks. Wang et al. 33 developed a 

knowledge-and-data jointly driven aeroengine 

gas-path performance assessment method that 

combines Fingerprint-based mechanistic 

knowledge with gas-path parameter deviation 

values to assess multi-component performance 

degradation. Bielski et al. 34 introduced a 

knowledge-guided deep-learning approach for 

gas turbine temporal dynamics by incorporating 

prior knowledge about permissible system states 

into the learning process. Chen et al. 35 proposed 

a data-knowledge hybrid gas-path diagnosis 

method by integrating physical model-based gas 

path analysis with ontology-based fault 

knowledge reasoning. Mo et al. 36 further 

proposed a physical-embedded data-driven 

method in which aeroengine domain knowledge 

is used to design the network structure and 

regulate internal information flow. He et al. 37 

also integrated data-driven modelling with 

mechanistic knowledge for aeroengine module 

performance evaluation, showing the importance 

of module-level interpretation in engine health 

assessment. These studies indicate that data-

driven gas turbine models can benefit from 

incorporating system-level or module-level 

knowledge rather than treating the engine as an 

entirely unstructured input-output system. 

However, several gaps remain. First, existing 

hybrid, knowledge-guided, or physical-

embedded studies often use domain knowledge 

to guide temporal response learning, support 

knowledge-based diagnosis, fuse physical and 

data-driven information, or evaluate 

component/module performance degradation. 

Fewer studies explicitly preserve and evaluate 

intermediate gas-path or section-level 

predictions throughout an integrated modular 

neural-network structure. Second, when 

separately trained component- or section-level 

models are connected, downstream modules 

receive predicted upstream quantities rather than 

the measured quantities used during independent 

training. This distributional difference can cause 

prediction errors to propagate and accumulate 

across the modular system, yet cascading error is 

rarely quantified or explicitly reduced. Third, 

limited attention has been given to whether the 
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same modular modelling strategy can be adapted 

across different levels of measurement 

availability, ranging from a fully observable 

simulated turbofan to a real industrial PEMS 

application with substantially fewer section-level 

measurements. 

To address these limitations, this study proposes 

a domain-knowledge-guided modular neural 

network framework for gas turbine performance 

and emission prediction. The proposed 

framework models physically meaningful 

modules separately and then integrates them 

according to known gas-path and inter-

component couplings. In this work, domain 

knowledge is incorporated through modular 

decomposition, structured information flow, 

physically meaningful input-output selection, 

shaft-speed-related coupling, fuel-addition logic, 

and bypass/core flow representation where 

applicable. Artificial Neural Networks (ANN) 

are used as differentiable surrogate models 

because they allow system-level fine-tuning 

after module integration. This fine-tuning 

process is used to reduce cascading error while 

preserving intermediate module-level 

predictions and system interpretability. 

The proposed framework is evaluated using two 

complementary gas turbine case studies. The 

first case study uses a simulated high-bypass 

turbofan engine dataset representative of a Pratt 

& Whitney PW-4056-like configuration 38. This 

case provides detailed component-level modular 

representation and is used to evaluate the full 

modular structure, system integration, 

cascading-error behavior, and robustness under 

controlled measurement-noise perturbation. The 

second case study uses a real industrial PEMS 

dataset for CO and NOx prediction 28. Because 

this dataset provides only a reduced set of 

section-level measurements, the modular 

structure is redefined into cold-section, hot-

section, and emission modules using the 

available ambient, process, and emission 

measurements. The real-data case is also used to 

compare the proposed framework with 

monolithic ANN and optimized machine-

learning and deep-learning baselines, allowing 

the trade-off between final-output accuracy, 

interpretability, and modular adaptability to be 

examined. Thus, the proposed framework should 

be understood as a general domain-knowledge-

guided modular modelling procedure, not as a 

single fixed module topology that can be 

transferred unchanged across all gas turbine 

layouts or sensor configurations. 

The main contributions of this work can be 

summarized as follows: 

• A domain-knowledge-guided modular neural 

network framework is developed for gas 

turbine performance and emission prediction, 

enabling structured modelling beyond 

monolithic black-box prediction. 

• A component integration and sequential fine-

tuning strategy is introduced to reduce 

cascading prediction error in modular gas 

turbine models while preserving 

intermediate-state prediction and subsystem-

level traceability. 

• The proposed framework is evaluated using 

both a full simulated turbofan dataset and a 

real industrial predictive emission monitoring 

dataset, demonstrating applicability across 

different measurement configurations and 

modelling resolutions. 

• A comparative evaluation is conducted 

against monolithic ANN and optimized 

machine-learning baselines to quantify the 

trade-off between final-output accuracy, 

modular interpretability, and adaptability 

under different modelling resolutions. 

The remainder of this paper is organized as 

follows. Section 2 presents the proposed 

domain-knowledge-guided modular modelling 

framework, including component modelling, 

system integration, and sequential fine-tuning. 

Section 3 describes case studies and 

experimental setups, preprocessing procedure, 

performance metrics, and benchmark models. 

Section 4 presents the results for the simulated 

turbofan case, the controlled measurement-noise 

perturbation test, real PEMS evaluation, and 

baseline comparisons. Section 4 also discusses 

the implications, limitations, and potential 
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extensions of the proposed framework, followed 

by conclusions in Section 5. 

2. Proposed Domain-Knowledge-

Guided Modular Modelling 

Framework 
This section presents the proposed domain-

knowledge-guided modular neural network 

framework for gas turbine performance and 

emission prediction. The framework is designed 

to retain the gas-turbine system structure while 

using ANN to learn nonlinear relationships from 

measured operating data. Instead of developing a 

single monolithic model that directly maps all 

available measurements to final outputs, the 

proposed framework decomposes the gas turbine 

into physically meaningful modules, trains each 

module individually, integrates the trained 

modules according to known gas-path 

connections, and then fine-tunes the integrated 

system model to reduce cumulative prediction 

error. 

The overall framework is illustrated in Fig. 1. 

Gas turbine domain knowledge and available 

measurements are first used to define the 

modular model structure. This step determines 

the modelling resolution, the input-output 

variables of each module, and the connections 

between modules. Each module is then 

developed independently using an ANN model, 

allowing the local behavior of each gas turbine 

section to be learned before system-level 

integration. The independently trained ANN 

modules are subsequently connected to form the 

integrated modular system. 

 

Fig. 1. Overall framework of the proposed domain-

knowledge-guided modular modelling approach. 

In the integrated modular system shown in Fig.1, 

solid arrows between adjacent ANN modules 

represent the sequential flow, where the output 

of an upstream module is passed to a 

downstream module when physically 

appropriate. The upper solid black connection 

represents non-adjacent cross-component 

coupling, such as shaft-speed or shared-variable 

relationships between modules that are not 

directly adjacent in the gas-path sequence. The 

red dotted arrows represent sequential fine-

tuning updates driven by the combined module-

level and system-level loss. These fine-tuning 

updates allow the connected ANN modules to 

adjust after integration, reducing the mismatch 

that can occur when downstream modules 

receive predicted upstream quantities instead of 

measured upstream variables. 

It should be noted that the proposed framework 

is not intended to impose one fixed module 

structure on all gas turbine systems. The 

generality of the proposed framework lies in the 

modular decomposition, integration, and fine-

tuning procedure, whereas the specific module 

boundaries, input-output definitions, and 

modelling resolution are case-dependent. Rather, 

it provides a general modelling procedure in 

which the module resolution is defined 

according to the engine configuration, available 

measurements, and target outputs. When 

detailed station-level gas-path measurements are 

available, as in the simulated high-bypass 

turbofan case, the framework can be 

implemented using component-level modules 

such as the fan, compressors, combustor, 

turbines, bypass section, and final system-output 

module. When only reduced process 

measurements are available, as in the industrial 

PEMS case, the same framework is applied at a 

coarser section level using cold-section, hot-

section, and emission-output modules. Therefore, 

the two case studies are not intended to represent 

identical module layouts, but to demonstrate 

how the same domain-knowledge-guided 

modelling strategy can be adapted to different 

gas turbine configurations and measurement 

resolutions. The specific module definitions used 

for the simulated turbofan and industrial PEMS 

case studies are described in Section 3. 
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2.1. Modular component model 

formulation 
The proposed framework begins by 

decomposing the gas turbine system into 

physically meaningful modules. Each module 

represents a component or system section whose 

behavior can be described using available 

measurements. The purpose of this 

decomposition is to avoid treating the gas 

turbine as a single unstructured input-output 

system and instead preserve the expected 

relationships between different sections of the 

engine. 

In this study, the module boundaries are not 

selected only by dividing the engine into 

arbitrary data groups. They are defined using a 

criteria-based approach that combines gas 

turbine domain knowledge with the 

measurements available for training. The 

purpose is not to obtain a mathematically unique 

or globally optimal module split, because such a 

split depends on the engine layout, sensor 

availability, and target outputs. Instead, the 

objective is to define modules that are physically 

meaningful, trainable from available data, and 

useful for preserving intermediate system 

information. 

The module-boundary decision criteria used in 

this work are as follows. First, a module 

boundary is placed where the dominant physical 

process changes, such as compression, 

combustion, expansion, bypass-flow passage, or 

emission formation. Second, each module must 

have measurable or inferable input and output 

variables so that it can be trained and evaluated 

independently. Third, the direction of 

information transfer between modules must 

follow the expected gas-path or system-level 

causality, so that upstream outputs are passed to 

downstream modules only when they represent 

physically meaningful inputs. Fourth, known 

inter-component couplings, such as shaft-speed-

related coupling or bypass/core flow interaction, 

are retained when the corresponding variables 

are available. Fifth, the selected module outputs 

should provide intermediate information that is 

useful for subsystem-level traceability, rather 

than only serving as hidden numerical features. 

The proposed framework is also different from a 

general modular neural network and from 

conventional physics-informed machine learning. 

In a general modular neural network, the 

division into subnetworks may be based mainly 

on computational convenience, feature grouping, 

or empirical architecture design. In the present 

framework, the modules are defined using gas 

turbine domain knowledge, including physical 

process boundaries, gas-path direction, known 

inter-component couplings, and available 

measurement locations. Therefore, the module 

outputs are intended to retain physically 

meaningful intermediate gas-path or section-

level information, rather than serving only as 

hidden numerical features. This is related to 

recent physical-embedded aeroengine modelling 

studies, where domain knowledge is used to 

guide network structure and information flow 36, 

but the present work further focuses on 

independently trained modules, system-level 

integration, cascading-error analysis, and 

sequential fine-tuning. The framework is also 

different from physics-informed neural networks 

or physics-informed machine learning 

approaches that usually introduce governing 

equations, residual constraints, or physical laws 

directly into the loss function. In this work, 

domain knowledge is used primarily to guide 

modular decomposition, input-output selection, 

information flow, and sequential fine-tuning. 

Therefore, the proposed approach can be applied 

even when complete governing equations or 

proprietary component maps are unavailable, 

while still preserving a physically interpretable 

modular structure. 

Based on these criteria, the simulated high-

bypass turbofan case is represented using 

detailed component-level modules because 

station-level gas-path quantities are available for 

the fan, compressors, combustor, turbines, 

bypass section, and final system-output stage. In 

contrast, the industrial PEMS case is represented 

using reduced section-level modules because the 

dataset contains ambient, process, power-related, 

and emission measurements, but not complete 
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station-level component measurements. 

Therefore, the reduced cold-section, hot-section, 

and emission-output modules are guided by the 

same criteria, but implemented at a coarser 

measurement resolution. This explains why the 

two case studies use different modular structures 

while following the same domain-knowledge-

guided modelling procedure. 

Each module is represented using a feedforward 

ANN. For a module 𝑚 , the model can be 

generally expressed as: 

𝒚̂𝒎 = 𝑓𝑚(𝒙𝑚; 𝜃𝑚) (1) 

where 𝒙𝑚 is the selected input vector for module 

𝑚, 𝒚̂𝒎  is the predicted output vector, 𝑓𝑚  is the 

ANN mapping, and 𝜃𝑚  represents the trainable 

parameters of the model. This formulation 

allows each module to learn its own specific 

nonlinear relationship while preserving the 

modular structure of the gas turbine system. 

Each module is first trained independently using 

the corresponding module-level input-output 

data. To improve generalization and reduce 

overfitting, L2 regularization is included in the 

training objective. The component-level loss 

function is defined as: 

ℒ𝑚 =
1

𝑁
∑|𝒚𝑚

(𝑖)
− 𝒚̂𝑚

(𝑖)
|

𝑁

𝑖=1

+ 𝜆𝑟‖𝜽𝑚‖2
2 

(2) 

where 𝑁is the number of training samples, 𝑦𝑚
(𝑖)

is 

the measured output of module 𝑚 , 𝐲̂𝑚
(𝑖)

is the 

corresponding predicted output, 𝜃𝑚 represents 

the trainable parameters of the module, and 

𝜆𝑟  controls the strength of L2 regularization. 

Training the modules independently provides 

two benefits. First, each module learns the local 

behavior of its corresponding gas turbine section 

before being affected by errors from other 

modules. Second, the prediction performance of 

each module can be evaluated separately, which 

provides intermediate-level interpretability that 

is not available in a monolithic input-output 

model. 

The ANN architecture and training 

hyperparameters were selected through a 

validation-based hyperparameter optimization 

process. The tuned parameters included the 

number of hidden layers, number of neurons per 

hidden layer, batch size, and learning rate. 

Rectified Linear Unit (ReLU) activation was 

used in the hidden layers to maintain a consistent 

ANN structure across modules. The output-layer 

activation was selected according to the output 

scaling and model type; the exact settings are 

reported in Table 4 and Appendix A. The best-

performing model for each module was selected 

based on validation loss and then saved for 

system-level integration. The detailed search 

ranges, selected architectures, and final training 

settings for each case study are reported in 

Section 3. 

2.2. System-level integration and 

sequential fine-tuning 
After the component-level ANN models are 

trained, they are integrated to form a system-

level modular model. The integration follows the 

expected gas-path sequence and inter-component 

relationships defined during the modular 

formulation stage. In this process, the predicted 

output of an upstream module is passed to the 

downstream module when such a connection is 

physically meaningful. Therefore, the integrated 

model does not treat the gas turbine as a single 

direct input-output mapping, but as a connected 

sequence of interacting module-level models. 

For a gas turbine system consisting of 

𝑀 modules, the integrated modular prediction 

can be generally expressed as: 

𝒚̂𝑚 = 𝑓𝑚(𝒙𝑚, 𝒚̂𝑢𝑝,𝑚; 𝜽𝑚),      𝑚 = 1,2,… ,𝑀 (3) 

where 𝐲̂𝑚 is the predicted output of module 𝑚, 

𝐱𝑚 is the external or directly available input 

vector for that module, 𝐲̂𝑢𝑝,𝑚 represents the 

predicted output received from upstream module 

or modules, and 𝜽𝑚  represents the trained 

parameters of the module. For the first module 

in a sequence, 𝐲̂𝑢𝑝,𝑚  is not used because no 

upstream module exists. Equation (3) describes 

the general integration rule. The case-specific 

connected forms for the simulated turbofan and 
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industrial PEMS datasets are provided in 

Sections 3.1 and 3.2, respectively, to show 

exactly which predicted variables are passed 

between modules in each implementation. 

Although the independently trained modules can 

provide accurate component-level predictions, 

direct integration does not always guarantee the 

best system-level performance. During 

independent component training, a downstream 

module may be trained using measured upstream 

variables. However, during system-level 

integration, those measured upstream variables 

are replaced by predicted outputs from preceding 

modules. As a result, small upstream prediction 

errors can influence the inputs of downstream 

modules and may accumulate through the 

connected structure. Therefore, the initially 

integrated modular model is treated as an 

intermediate model rather than the final 

optimized system model.  

The layer-by-layer propagation of module error 

can be understood from the difference between 

independent module training and integrated 

prediction. During independent training, module 

𝑖 learns a mapping from measured or reference 

input 𝑥𝑖  to measured or reference output 𝑦𝑖 . 

After system integration, however, the same 

module receives an input 𝑥𝑖  that contains 

predicted upstream quantities. Therefore, the 

error of module 𝑖 can be viewed conceptually as: 

𝑒𝑖 = 𝑓𝑖(𝑥𝑖) − 𝑦𝑖 = [𝑓𝑖(𝑥𝑖) − 𝑓𝑖(𝑥𝑖)] + [𝑓𝑖(𝑥𝑖) −

𝑦𝑖]  where the first term represents the error 

caused by using predicted upstream inputs and 

the second term represents the local 

approximation error of the module itself. If a 

downstream module is sensitive to the upstream 

variable, a small upstream error can change the 

downstream input state and increase the 

downstream output error. This downstream error 

can then become part of the input uncertainty for 

the next module, causing error accumulation 

across the connected modular structure. Thus, 

the notation 𝑦̂𝑖 + 𝑒𝑖  in Fig. 2 is used only as a 

schematic representation of predicted output 

with associated prediction error, rather than as a 

separate algebraic input added to the model. 

The cascading-error mechanism and the 

sequential fine-tuning workflow are illustrated 

schematically in Fig. 2. As shown in Fig. 2(a), 

the module models are first trained 

independently using their corresponding input-

output pairs. After integration, downstream 

modules receive predicted upstream outputs 

rather than the measured upstream quantities 

used during independent training, as illustrated 

in Fig. 2(b). Consequently, upstream prediction 

errors may propagate through the connected 

structure and affect downstream module 

predictions. Sequential fine-tuning is therefore 

applied to the integrated model, as shown in Fig. 

2(c). In each stage, one module is set as trainable 

while the remaining modules are frozen; Module 

2 is shown as an example of the active module.  
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Fig. 2. Schematic illustration of independent module training, integrated prediction with cascading error, 

and sequential fine-tuning in the proposed modular ANN framework. In panel (c), Module 2 is shown as 

the active trainable module for illustration. 

To address this issue, the proposed framework 

applies sequential fine-tuning after system 

integration. The purpose of fine-tuning is to 

adjust the connected modules so that they 

operate more consistently within the integrated 

system. Instead of optimizing only the final 

system output, the fine-tuning process considers 

both intermediate module-level predictions and 

final output predictions. This helps reduce 

accumulated error while preserving the 

interpretability of the intermediate module 

outputs. The system-level fine-tuning objective 

is defined as: 

ℒ𝐹𝑇 = ∑ 𝛼𝑚 [
1

𝑁
∑|𝒚𝑚

(𝑖)
− 𝒚̂𝑚

(𝑖)
|

𝑁

𝑖=1

]

𝑀

𝑚=1

+𝛼𝑠𝑦𝑠 [
1

𝑁
∑|𝒚𝑠𝑦𝑠

(𝑖)
− 𝒚̂𝑠𝑦𝑠

(𝑖)
|

𝑁

𝑖=1

]

+ 𝜆𝐹𝑇‖𝜽𝑇‖2
2 

(4) 

where ℒ𝐹𝑇  is the total fine-tuning loss, 𝐲𝑚
(𝑖)

 and 

𝐲̂𝑚
(𝑖)

 are the measured and predicted outputs of 

module 𝑚, 𝐲𝑠𝑦𝑠
(𝑖)

 and 𝐲̂𝑠𝑦𝑠
(𝑖)

 are the measured and 

predicted final system-level outputs, 𝛼𝑚  and 

𝛼𝑠𝑦𝑠 are weighting coefficients for module-level 

and system-level losses, respectively, 𝜽𝑇 

represents the trainable parameters during fine-

tuning, and 𝜆𝐹𝑇  controls the L2 regularization 

strength during fine-tuning. 

The loss terms are calculated using normalized 

variables so that outputs with larger numerical 

magnitudes do not dominate the optimization. 

This is important because gas turbine variables 

such as pressure, temperature, thrust, fuel 

consumption, and emissions can have different 

physical units and numerical ranges. In this 

study, the same weighting strategy was used for 

all sequential fine-tuning stages. Unit weighting 

coefficients were used, with 𝛼𝑚 = 1  for the 

module-level loss terms and 𝛼𝑠𝑦𝑠 = 1 for the 

system-level loss term. This setting was selected 

as a neutral weighting strategy to avoid 

additional manual tuning for individual modules. 

The purpose was to allow each fine-tuning stage 

to reduce the accumulated system-level error 

while keeping the intermediate module outputs 

close to their corresponding physical targets. 

                                                     

         1  1          2                        1

      1,  2, ,                          

                                                  

         1  1          2                        1

                           

                   

                               

         1  1          2  2                         

  1   2       
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The fine-tuning is performed sequentially. In 

each stage, one module is set to trainable and 

updated while the remaining modules are kept 

fixed. During this process, the selected 

architecture of each module is not changed; the 

number of hidden layers, number of neurons, 

activation functions, and module input-output 

definitions remain fixed. Only the trainable 

parameters of the active module, such as the 

Dense-layer weights and biases, are updated. 

This allows the integrated model to correct local 

sources of accumulated error without 

unnecessarily disturbing all previously trained 

modules at once. After the sequential module-

wise updates, a final fine-tuning step is applied 

to the complete integrated model to improve 

overall system consistency. The best fine-tuned 

model is selected using validation loss. The 

case-specific fine-tuning order, trainable/frozen 

module settings, optimizer settings, and stopping 

criterion used in the two case studies are 

described in Section 3.3. 

It should be noted that sequential fine-tuning is 

not a second architecture search or a re-design of 

the modular structure. Instead, it adapts the 

connected modules to the conditions 

encountered during system-level prediction, 

where downstream modules receive predicted 

upstream quantities rather than measured 

upstream quantities. As a result, the error of 

some individual module outputs may slightly 

increase if this adjustment helps reduce 

accumulated downstream error and improve the 

final system-level outputs. Therefore, the fine-

tuned model is evaluated using both module-

level errors and final system-level errors, with 

key system-level outputs used as the primary 

indicators of integrated model performance. 

This two-stage development process, consisting 

of independent module training followed by 

system-level fine-tuning, allows the framework 

to preserve component-level interpretability 

while improving integrated prediction 

performance. The independent training stage 

ensures that each module learns the behavior of 

its corresponding gas turbine section, while the 

fine-tuning stage improves the coordinated 

behavior of the connected system. 

2.3. Overall workflow of the proposed 

framework 
Overall, the proposed framework follows a two-

stage modelling strategy. In the first stage, 

physically meaningful modules are defined and 

trained independently using validation-based 

hyperparameter optimization. In the second 

stage, the trained modules are connected as per 

the gas-path and inter-component relationships 

and refined through sequential fine-tuning. The 

final model is evaluated at both the module-

output level and the final system-output level, 

allowing the framework to combine prediction 

accuracy with modular interpretability. 

3. Case studies and experimental 

setup 
This section describes the datasets, modular 

model implementation, preprocessing procedure, 

training setup, benchmark models, and 

evaluation metrics used to assess the proposed 

framework. Two gas turbine case studies are 

considered to evaluate the framework under 

different configurations and modelling 

resolutions. Because the available measurements 

and target outputs differ between the two cases, 

the modular decomposition is redefined 

separately for each dataset rather than 

transferred unchanged from one case to the other. 

The first case study uses a simulated high-

bypass turbofan dataset representative of a Pratt 

& Whitney PW-4056-like engine 38. This dataset 

is used to implement a detailed modular 

structure. The second case study uses a real 

industrial PEMS dataset for CO and NOx 

prediction 28. The modular structure is 

implemented at a coarser resolution using cold-

section, hot-section, and emission modules. 

Both case studies follow the general procedure 

described in Section 2. The specific module 

definitions, dataset characteristics, preprocessing 

procedure, training settings, and evaluation 

metrics are described below. The two case 

studies used in this work are given in Table 1. 

Table 1. Summary of two case studies used for 

framework evaluation. 

Case Modular Main Main 
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study resolution prediction 

outputs 

purpose 

Simulated 

turbofan 

engine  

Detailed 

component-

level 

modules 

Thrust, 

thrust-

specific fuel 

consumption 

(TSFC), 

Overall 

pressure 

ratio (OPR) 

Evaluate 

full modular 

framework, 

integration, 

fine-tuning, 

and noise 

robustness 

Industrial 

PEMS 

dataset  

Reduced 

section-

level 

modules 

CO and 

NOx 

emissions 

Evaluate 

applicability 

under real 

operating 

data and 

baselines 

comparison 

3.1. Case Study 1: Simulated high-

bypass turbofan dataset 

The simulated dataset was generated using the 

Gas Turbine Simulation Program (GSP), which 

is a gas turbine performance simulation 

environment used to model engine operating 

behaviour under controlled operating and 

environmental conditions. The GSP model used 

in this study was developed and calibrated in our 

previous work 38 for a high-bypass turbofan 

configuration inspired by the Pratt & Whitney 

PW-4056. The simulation dataset was used 

because detailed station-wise measurements 

from real aero-engines are difficult to obtain and 

are often proprietary. In contrast, the GSP model 

provides access to internal gas-path variables 

while preserving thermodynamic consistency 

across the engine stations. Additional details can 

be found in our previous study 38. 

The healthy operating dataset used in this study 

was generated by varying the main 

environmental and operating parameters over a 

predefined envelope. The simulated conditions 

included altitude from 0 to 3 km, Mach number 

from 0 to 0.6, ambient temperature from 

−15𝑜C to 45oC, and relative humidity from 0% 

to 100%. For each steady-state operating point, 

station-wise gas-path variables were recorded, 

including component temperatures, pressures, 

efficiencies, shaft speeds, fuel flow, thrust, 

TSFC, and OPR. These variables allowed the 

simulated turbofan case to be used for detailed 

component-level modular modelling, system 

integration, and error-propagation analysis. 

Although the simulated dataset also contains 

different fault-condition data, only healthy 

steady-state operating points were used in the 

present study because the objective was to 

evaluate the proposed modular framework for 

nominal performance prediction and system-

level integration. The complete healthy dataset 

used in this study contained 5,122 steady-state 

samples, which were divided into training, 

validation, and testing subsets using the 

70/15/15 split described in Section 3.3. 

The simulated engine structure follows the 

expected gas-path sequence of a high-bypass 

turbofan. The inlet air first passes through the 

fan, after which the flow is divided into bypass 

and core streams. The bypass stream is modelled 

through the bypass section, while the core 

stream passes through the low-pressure 

compressor (LPC), high-pressure compressor 

(HPC), combustor, high-pressure turbine (HPT), 

and low-pressure turbine (LPT). Fuel flow is 

introduced at the combustor module, where the 

compressed air is heated before entering the 

turbine section. The HPT is associated with the 

high-pressure spool and is coupled with the HPC, 

while the LPT is associated with the low-

pressure spool and is coupled with the fan and 

LPC. The outputs from the bypass and core 

streams are finally used by the system-output 

module to predict overall engine performance. A 

schematic of a high bypass turbofan engine is 

provided in Fig. 3. 

 

Fig. 3. Schematic of a high bypass turbofan engine 

configuration. Reproduced with permission taken 

from RTX Corporation, Pratt & Whitney division. 
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The modular structure used for this case study is 

shown in Fig. 4. The figure shows the main gas-

path sequence through the fan, LPC, HPC, 

combustor, HPT, and LPT, together with the 

parallel bypass branch. The blue and yellow 

module colors indicate low-pressure-shaft-

related and high-pressure-shaft-related sections, 

respectively. The tapered compressor and 

turbine shapes represent compression and 

expansion processes. The system-output module 

combines the downstream core-stream and 

bypass-stream information to predict thrust, 

TSFC, and OPR. The operating and ambient-

condition variables are used as the initial inputs 

to the fan module. The fan output is then passed 

to the bypass section and the core-flow modules 

according to the physical flow division. The 

LPC and HPC modules represent the 

compression process in the core stream, while 

the combustor module represents fuel addition 

and the corresponding rise in gas temperature. 

The HPT and LPT modules represent the 

expansion process and mechanical coupling 

through the high-pressure and low-pressure 

shafts. The system-output module combines the 

relevant downstream core and bypass 

information to predict thrust, TSFC, and OPR. 

The input and output variables of each module 

were selected according to the physical function 

of the corresponding gas turbine section and the 

available simulated measurements. This allows 

the proposed framework to preserve 

intermediate gas-path quantities rather than 

directly mapping the initial operating conditions 

to final engine outputs. Table 2 summarizes the 

module-level input-output structure used for the 

simulated turbofan case. 

To make the integration procedure explicit, the 

connected modular prediction process for the 

simulated turbofan case can be written as 

follows. The entry input vector is defined as 

𝑥0 = [𝑍,𝑀𝑎𝑐ℎ, 𝑇𝑎𝑚𝑏 , 𝑃𝑎𝑚𝑏 , 𝑅𝐻] , where 𝑍  is 

altitude, 𝑀𝑎𝑐ℎ is Mach number, 𝑇𝑎𝑚𝑏 is ambient 

temperature, 𝑃𝑎𝑚𝑏 is ambient pressure, and 𝑅𝐻 is 

relative humidity. The fan and bypass-section 

modules are evaluated from the inlet/ambient-

condition variables. 

 

Fig. 4. Proposed modular system structure for the simulated high-bypass turbofan case. 

Table 2. Input and output variables of the simulated turbofan modular structure. 

Component Inputs Outputs 

Fan 𝑍: Altitude 

𝑀𝑎𝑐ℎ: Mach number 

𝑇𝑎𝑚𝑏: Ambient Temperature 

𝑇21: Fan outlet temperature 

𝑃21: Fan outlet pressure 

𝜂𝑓: Fan efficiency 
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𝑃𝑎𝑚𝑏: Ambient Pressure 

𝑅𝐻: Relative Humidity 

𝑁1: Low-pressure shaft rpm 

LPC 𝑇21: Fan outlet temperature 

𝑃21: Fan outlet pressure 

𝜂𝑓: Fan efficiency 

𝑁1: Low-pressure shaft rpm 

𝑇25: LPC outlet temperature 

𝑃25: LPC outlet pressure 

𝜂𝐿𝑃𝐶 : LPC efficiency 

HPC 𝑇25: LPC outlet temperature 

𝑃25: LPC outlet pressure 

𝜂𝐿𝑃𝐶: LPC efficiency 

𝑇3: HPC outlet temperature 

𝑃3: HPC outlet pressure 

𝜂𝐻𝑃𝐶: HPC efficiency 

𝑁2: High-pressure shaft rpm 

Combustor 𝑇3: HPC outlet temperature 

𝑃3: HPC outlet pressure 

𝜂𝐻𝑃𝐶: HPC efficiency 

𝑊̇𝑓 : Fuel flow rate 

𝑇4: Combustor outlet temperature 

𝑃4: Combustor outlet pressure 

 

HPT 𝑇4: Combustor outlet temperature 

𝑃4: Combustor outlet pressure 

𝑁2: High-pressure shaft rpm 

𝑇45: HPT outlet temperature 

𝑃45: HPT outlet pressure 

𝜂𝐻𝑃𝑇: HPT efficiency 

LPT 𝑇45: HPT outlet temperature 

𝑃45: HPT outlet pressure 

𝜂𝐻𝑃𝑇: HPT efficiency 

𝑁1: Low-pressure shaft rpm 

𝑇5: LPT outlet temperature 

𝑃5: LPT outlet pressure 

𝜂𝐿𝑃𝑇: LPT efficiency 

 

Bypass section 𝑍: Altitude 

𝑀𝑎𝑐ℎ: Mach number 

𝑇𝑎𝑚𝑏: Ambient Temperature 

𝑃𝑎𝑚𝑏: Ambient Pressure 

𝑅𝐻: Relative Humidity 

𝑇𝐵𝑃: Bypass section temperature 

𝑃𝐵𝑃: Bypass section pressure 

𝐵𝑃𝑅: Bypass ratio 

 

System-output 

module 
𝑇𝐵𝑃: Bypass temperature 

𝑃𝐵𝑃: Bypass pressure 

𝐵𝑃𝑅: Bypass ratio 

𝑇5: LPT outlet temperature 

𝑃5: LPT outlet pressure 

𝜂𝐿𝑃𝑇: LPT efficiency 

𝑇ℎ𝑟𝑢𝑠𝑡 
𝑇𝑆𝐹𝐶: Thrust-specific fuel consumption 

𝑂𝑃𝑅: Overall pressure ratio 

𝒚̂𝑓 = 𝑓𝑓(𝒙0), 

𝒚̂𝐿𝑃𝐶 = 𝑓𝐿𝑃𝐶(𝒚̂𝑓), 

𝒚̂𝐻𝑃𝐶 = 𝑓𝐻𝑃𝐶(𝒚̂𝐿𝑃𝐶), 
𝒚̂𝑐𝑜𝑚𝑏 = 𝑓𝑐𝑜𝑚𝑏(𝒚̂

∗
𝐻𝑃𝐶

,𝑊𝑓̇), 

𝒚̂𝐻𝑃𝑇 = 𝑓𝐻𝑃𝑇(𝒚̂𝑐𝑜𝑚𝑏 , 𝑁̂2), 

𝒚̂𝐿𝑃𝑇 = 𝑓𝐿𝑃𝑇(𝒚̂𝐻𝑃𝑇, 𝑁̂1), 

𝒚̂𝐵𝑃 = 𝑓𝐵𝑃(𝒙0), 
𝒚̂𝑠𝑦𝑠 = 𝑓𝑠𝑦𝑠(𝒚̂𝐵𝑃 , 𝒚̂𝐿𝑃𝑇) 

(5) 

where 𝑓𝑓, 𝑓𝐿𝑃𝐶 , 𝑓𝐻𝑃𝐶 , 𝑓𝑐𝑜𝑚𝑏 , 𝑓𝐻𝑃𝑇 , 𝑓𝐿𝑃𝑇, 𝑓𝐵𝑃 , and 

𝑓𝑠𝑦𝑠  represent the fan, low-pressure compressor, 

high-pressure compressor, combustor, high-

pressure turbine, low-pressure turbine, bypass-

section, and system-output modules, respectively. 

All module outputs are represented as vectors. 

The superscript * in 𝒚̂∗
𝐻𝑃𝐶

 is used only in the 

integrated model formulation to denote the 

selected HPC output sub-vector passed to the 

combustor module. It does not represent an 

additional training target, a new model output, or 

a special operation during independent module 

training. Specifically, 𝒚̂∗
𝐻𝑃𝐶

 contains the 

predicted HPC gas-path outputs used as 

combustor inputs, while the predicted high-

pressure spool speed 𝑁̂2 is excluded because it is 

used later as an auxiliary coupling variable for 

the turbine modules rather than as a combustor 

gas-path input. The final output vector 

𝒚̂𝑠𝑦𝑠  contains the predicted thrust, thrust-specific 

fuel consumption (TSFC), and overall pressure 

ratio (OPR). The bypass branch is not passed 

through the core-flow modules; instead, it is 

predicted in parallel from the inlet/ambient 

variables and then combined with the core-flow 

output in the system-output module. The low-

pressure spool speed 𝑁̂1 and high-pressure spool 

speed 𝑁̂2 are used as auxiliary coupling variables 

for the turbine modules rather than as gas-path 

flow variables.  
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The system-output module is not treated as a 

physical gas turbine component. Instead, it is 

used as a final output module that combines the 

relevant information from the bypass and core 

streams to estimate overall engine performance. 

This distinction is important because the purpose 

of the modular framework is not only to predict 

final outputs, but also to preserve intermediate 

module-level predictions that can support 

subsystem-level analysis. 

The simulated dataset was also used to examine 

the response of the proposed framework under 

controlled measurement uncertainty. For this 

purpose, Gaussian noise was added to selected 

gas-path parameters according to literature-

reported sensor uncertainty levels 24,39–41. The 

same modular development, system integration, 

and sequential fine-tuning procedure was then 

applied to the noisy dataset. The noise levels and 

the corresponding controlled perturbation results 

are presented in Sections 3.3 and 4.1.4, 

respectively. 

3.2. Case Study 2: Industrial PEMS 

dataset 
The second case study uses a real industrial gas 

turbine PEMS dataset for CO and NOx 

prediction 28. Unlike the simulated turbofan case, 

which allows a detailed component-level 

modular structure, the PEMS dataset represents 

industrial operating data with a different 

measurement configuration. Therefore, the 

proposed framework is implemented using a 

reduced section-level modular structure rather 

than a full component-level gas-path 

decomposition. This allows the same modelling 

philosophy to be evaluated under real operating 

conditions using the available process and 

ambient measurements. 

The PEMS dataset contains hourly averaged 

measurements collected from an industrial gas 

turbine operating under practical plant 

conditions. The available variables include 

ambient measurements, process-related gas 

turbine parameters, power-generation-related 

quantities, and emission outputs. The target 

outputs for this case study are CO and NOx. 

Because these data are collected from real 

operation, they include practical effects such as 

measurement variability, operating-condition 

changes, nonlinear emission behaviour, and 

possible outlier effects. This makes the dataset 

suitable for evaluating whether the proposed 

modular framework can be applied beyond 

simulated gas turbine data. 

In conventional predictive emission monitoring, 

the available measurements are commonly used 

in a direct input-output manner, where ambient 

and process variables are mapped directly to 

system outputs. In the present study, the PEMS 

dataset is reorganized into a reduced modular 

structure to preserve a degree of subsystem-level 

traceability. The modular structure consists of 

three sections-level modules: a cold-section 

module, a hot-section module, and an emission 

module. This structure does not attempt to 

reproduce every physical component of the 

industrial gas turbine. Instead, it groups the 

available variables according to their physical 

meaning and expected information flow within 

the system.  

Table 3. Input and output variables of each module 

for the industrial PEMS case study. 

Module Inputs Outputs 

Cold-

section 

module 

𝐴𝑇: Ambient 

Temperature 

𝐴𝑃: Ambient Pressure 

𝐴𝐻: Ambient 

Humidity 

𝐴𝐹𝐷𝑃: Air Filter 

Difference Pressure 

𝑇𝐼𝑇: Turbine 

Inlet 

Temperature 

𝐶𝐷𝑃: 

Compressor 

Discharge 

Pressure 

Hot-

section 

module 

𝑇𝐼𝑇: Turbine Inlet 

Temperature 

𝐶𝐷𝑃: Compressor 

Discharge Pressure 

𝑇𝐴𝑇: Turbine 

Afterburner 

Temperature 

𝐺𝑇𝐸𝑃: Gas 

Turbine 

Exhaust 

Pressure  

𝑇𝐸𝑌: Turbine 

Energy Yield 

Emission 

module 
𝑇𝐼𝑇: Turbine Inlet 

Temperature 

𝐶𝐷𝑃: Compressor 

Discharge Pressure 

𝑇𝐴𝑇: Turbine 

Afterburner 

Temperature 

𝐺𝑇𝐸𝑃: Gas Turbine 

𝐶𝑂: Carbon 

Monoxide 

𝑁𝑂𝑥: Nitrogen 

Oxides 
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Exhaust Pressure  

𝐴𝐻: Ambient 

Humidity 

The reduced modular structure used for the 

PEMS case is shown in Fig. 5. The cold-section 

module uses ambient and inlet-related 

measurements to predict compressor and inlet-

temperature-related quantities. The outputs of 

the cold-section module are then used as inputs 

to the hot-section module, which predicts 

downstream turbine and power-generation-

related quantities. Finally, the emission module 

uses selected cold-section and hot-section 

quantities to predict CO and NOx emissions. In 

this way, the PEMS case follows the same 

framework introduced in Section 2, but with a 

lower modular resolution defined by the 

available industrial measurements. The input and 

output variables of the reduced PEMS modular 

structure are summarized in Table 3. 

 

Fig. 5. Reduced modular structure of the industrial 

PEMS case study. 

For the industrial PEMS case, the same 

integration procedure is implemented at a 

reduced section-level resolution because 

complete station-level gas-path measurements 

are not available. The connected PEMS model is 

expressed as: 

𝒚̂𝑐𝑜𝑙𝑑 = 𝑓𝑐𝑜𝑙𝑑(𝐴𝑇, 𝐴𝑃, 𝐴𝐹𝐷𝑃, 𝐴𝐻), 
𝒚̂ℎ𝑜𝑡 = 𝑓ℎ𝑜𝑡(𝒚̂𝑐𝑜𝑙𝑑), 

𝒚̂𝑒𝑚 = 𝑓𝑒𝑚(𝒚̂
∗
ℎ𝑜𝑡

, 𝒚̂𝑐𝑜𝑙𝑑 , 𝐴𝐻) 
(6) 

Here, 𝒚̂𝑐𝑜𝑙𝑑 = [𝑇𝐼𝑇̂, 𝐶𝐷𝑃̂] , 𝒚̂ℎ𝑜𝑡 =

[𝑇𝐴𝑇̂, 𝐺𝑇𝐸𝑃̂, 𝑇𝐸𝑌̂], and 𝒚̂𝑒𝑚 = [𝐶𝑂,̂ 𝑁𝑂𝑥̂]. The 

superscript * in 𝒚̂∗
ℎ𝑜𝑡

 is used only in the 

integrated model formulation to denote the 

selected hot-section output sub-vector passed to 

the emission module. Specifically, 𝒚̂ℎ𝑜𝑡
∗ =

[𝑇𝐴𝑇̂, 𝐺𝑇𝐸𝑃̂] , where 𝑇𝐸𝑌̂ is excluded because 

turbine energy yield is not directly relevant to 

emission formation and does not provide 

additional predictive value for the emission 

outputs. The superscript * does not represent an 

additional training target, a new model output, or 

a special operation during independent module 

training. During independent training, the 

emission module was trained using the 

corresponding measured upstream quantities, 

whereas after integration it receives predicted 

upstream quantities from the upstream modules. 

This replacement can shift the downstream 

module inputs away from the distribution 

observed during independent training, causing 

cascading prediction error in the initially 

integrated model and motivating the sequential 

fine-tuning step. 

The emission module is treated as the final 

prediction module of the reduced PEMS 

framework. Similar to the system-output module 

in the simulated turbofan case, it is not 

considered a separate physical gas turbine 

component. Instead, it combines relevant 

upstream section-level predictions and directly 

available measurements to estimate the final 

target outputs. This distinction allows the 

proposed framework to maintain a modular 

structure while adapting to the measurement 

configuration of the industrial dataset. 

The use of the PEMS dataset serves two 

purposes in this study. First, it evaluates the 

applicability of the proposed framework using 

real industrial gas turbine data. Second, it allows 

the proposed modular ANN framework to be 

compared with monolithic ANN and optimized 

black-box machine-learning baseline models for 

emission prediction. This comparison is 

important because the proposed framework is 

not intended to only maximize final-output 

accuracy, but also to preserve intermediate 

section-level predictions and provide subsystem-

level traceability. 

3.3. Data preprocessing and model 

training 

The two case studies include variables with 

different physical units, numerical magnitudes, 

and operating ranges. Direct use of these 

variables during ANN training can lead to 

unstable optimization because variables with 
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larger numerical values may dominate the loss 

function and gradient updates. Therefore, all 

input and output variables were normalized 

before model training. In this study, min-max 

normalization was applied to scale each variable 

into the range [0,1], as follows: 

𝑥𝑛𝑜𝑟𝑚 =
𝑥 − 𝑚𝑖𝑛(𝑥)

𝑚𝑎𝑥(𝑥) −𝑚𝑖𝑛(𝑥)
 

(7) 

where 𝑥  is the original variable, and 𝑥𝑚𝑖𝑛  and 

𝑥𝑚𝑎𝑥  are the minimum and maximum values of 

that variable. To avoid data leakage, the 

normalization parameters were calculated from 

the training set and then applied to validation 

and test sets. 

For both case studies, the datasets were divided 

into training, validation, and testing subsets. 

Specifically, 70% of the available samples were 

used for model training, 15% were used for 

validation during hyperparameter optimization 

and model selection, and the remaining 15% 

were reserved for final testing.  

The final selected architectures and main 

training settings of the ANN models are reported 

in Appendix A. During sequential fine-tuning, 

the final selected architectures were kept fixed. 

A module-wise fine-tuning stage refers to one 

update step in which a single selected module is 

set as trainable while all other modules in the 

integrated model are frozen. For the simulated 

turbofan case, the modules were updated in the 

upstream-to-downstream sequence of the 

integrated gas-               →     →     

→           →     →     →                

→       -output module. After these module-

wise updates, a final integrated fine-tuning step 

was applied with the complete model connected. 

For the industrial PEMS case, the modules were 

                 q                   →     

        →                ,                     

integrated fine-tuning step of the complete 

model. The same fine-tuning loss formulation 

defined in Eq. (4) was used, and the optimizer 

and training settings are given in Table 4 and 

Appendix A. Each fine-tuning stage was 

terminated when validation-based early-stopping 

was triggered or when the maximum number of 

epochs reported in Table 4 was reached. Here, 

early-stopping means that training was stopped 

when the validation loss did not improve for a 

specified number of consecutive epochs. The 

patience value was set to 25 epochs for 

independent module training and 150 epochs for 

sequential fine-tuning to allow sufficient 

validation-loss improvement during the 

integrated-model adjustment process. In all cases, 

the model checkpoint with the lowest validation 

loss was retained. 

All modular ANN models were implemented 

using feedforward ANNs. ReLU activation was 

used in the hidden layers, and batch-

normalization layers were included after the 

Dense hidden layers to improve training stability. 

Because the modular ANN outputs were min-

max normalized, sigmoid output activation was 

used for the modular output layers, and the 

scaled predictions were re-scaled to the original 

physical units before evaluation. For the 

optimized monolithic ANN baselines, the output 

activation was set according to the 

corresponding implementation and is reported in 

Appendix A. The Adam optimizer was used for 

model training. For each module, the ANN 

architecture and training settings were selected 

using validation-based hyperparameter 

optimization with Keras Tuner Random Search. 

The tuned hyperparameters included the number 

of hidden layers, number of neurons in each 

hidden layer, learning rate, and batch size. The 

complete hyperparameter search space and fixed 

training settings are summarized in Table 4. 

Table 4. Hyperparameter search space and training 

settings used for ANN module development. 

Parameter Search range / setting 

Number of hidden layers 2-6 

Neurons per hidden 

layer 

10-256 

Hidden-layer activation 

function 

ReLU 

Output-layer activation 

function 

Sigmoid for min-max-

normalized modular 

ANN outputs; model-

specific setting for 

benchmark ANN models 

Optimizer Adam 

Learning rate Default Adam learning 
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rate 0.001 for modular 

ANN models; 

10−4−10−2 logarithmic 

search for optimized 

monolithic ANN models 

Batch size 32, 64, 128, 256, 512, 

1024 

Maximum epochs 500 

Early stopping Based on validation loss 

Model checkpointing Best validation-loss 

model saved 

Training loss MAE + L2 regularization 

Model selection criterion Lowest validation loss 

Data split 70% training, 15% 

validation, 15% testing 

L2 regularization 

coefficient 
1 × 10−4 

After completion of the hyperparameter search, 

the best-performing configuration for each 

module was selected based on lowest validation 

loss obtained using the Mean Absolute Error 

(MAE) based loss function defined in Equation 

(2). The selected module models were then 

saved and used for system-level integration and 

sequential fine-tuning according to the 

procedure described in Section 2. The general 

feedforward ANN structure used for module-

level model development is shown in Fig. 6. 

Each module receives min-max-scaled input 

variables, passes them through Dense hidden 

layers with ReLU activation and batch-

normalization layers, and produces scaled output 

predictions that are re-scaled to the original 

physical units. The number of hidden layers and 

neurons is module-specific, and the final 

selected architectures are reported in Appendix 

A. Hyperparameter tuning and model training 

were conducted on a Lenovo laptop equipped 

with an Intel Core i5-12500H processor, 16 

logical processors, and 16 GB RAM. The 

implementation was carried out using Python 

3.11, TensorFlow, and Keras Tuner. 

 

 

 
Fig. 6. General feedforward ANN architecture used for module-level model development.

Table 5. Sensor-specific Gaussian noise standard 

deviations used for the controlled measurement-noise 

perturbation test of the simulated turbofan case. 

Description Unit Symbol Gaussian 

noise 

standard 

deviation 

(𝜎) 
LPC exit temperature  K 𝑇25 0.4 

LPC exit pressure bar 𝑃25 0.2 

HPC exit K 𝑇3 0.4 

temperature 

HPC exit pressure bar 𝑃3 0.2 

Fuel flow rate kg/s 𝑊̇𝑓 0.5 

Combustor exit 

temperature 

K 𝑇4 0.4 

Combustor exit 

pressure 

bar 𝑃4 0.2 

HPT exit temperature K 𝑇45 0.4 

HPT exit pressure bar 𝑃45 0.2 

LPT exit temperature K 𝑇5 0.4 

LPT exit pressure bar 𝑃5 0.2 
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For the simulated turbofan case, an additional 

controlled measurement-noise perturbation test 

was conducted to assess the robustness of the 

proposed framework. Gaussian noise was added 

to selected gas-path parameters according to 

literature-reported sensor uncertainty levels 24,39–

41. The same preprocessing, module training, 

integration, and fine-tuning procedure were then 

repeated using the noisy dataset. Table 5 

summarizes the noise levels used in this study. 

For the measurement-noise evaluation, zero-

mean Gaussian noise was added to the selected 

gas-path variables listed in Table 5 before 

normalization. For each selected variable 𝑥𝑗 , the 

noisy value was generated as 𝑥𝑗,𝑛𝑜𝑖𝑠𝑦 = 𝑥𝑗 + 𝜖𝑗, 

where 𝜖𝑗~𝒩(0, 𝜎𝑗
2)   and 𝜎𝑗  is the sensor-

specific standard deviation reported in Table 5. 

The noise was sampled independently for each 

selected variable and each sample. One fixed 

noisy dataset was generated using the same 

number of samples as the corresponding clean 

healthy dataset. Therefore, the results reported in 

Section 4.1.4 should be interpreted as a 

controlled single-realization sensor-noise 

perturbation test. They were not averaged over 

repeated Gaussian noise realizations, and 

confidence intervals were not calculated. Multi-

realization Monte Carlo testing, multiple noise-

intensity levels, and confidence-interval 

reporting are left for future work. 

For the industrial PEMS case, no artificial noise 

was added because the dataset already represents 

real operating measurements collected under 

practical plant conditions. Therefore, the PEMS 

case was used to evaluate the proposed 

framework under naturally occurring 

measurement variability, operating-condition 

changes, and real-data uncertainty. 

3.4. Benchmark models and evaluation 

metrics 
For the simulated turbofan case, the main 

objective was to evaluate the detailed modular 

implementation of the proposed framework, 

including component-level prediction, system-

level integration, cumulative error after 

integration, sequential fine-tuning, and response 

under a controlled measurement-noise 

perturbation. In addition, an optimized 

monolithic ANN baseline was developed to 

provide a direct final-output comparison with the 

proposed modular framework. This baseline was 

included to assess whether the modular structure 

improves or maintains final-output prediction 

accuracy while providing intermediate module-

level predictions. To ensure a fair comparison, 

the monolithic ANN used the same training, 

validation, and testing partitions, min-max 

normalization procedure, optimizer, MAE-based 

loss function, early-stopping criterion, and 

hyperparameter search space used for the 

modular models. The input vector consisted of 

the external operating and control variables used 

by the modular framework, 

[𝑍,𝑀𝑎𝑐ℎ, 𝑇𝑎𝑚𝑏 , 𝑃𝑎𝑚𝑏 , 𝑅𝐻, 𝑊̇𝑓] , and the output 

vector consisted of the final system-level 

quantities, namely thrust, TSFC, and OPR. 

Intermediate gas-path variables were not used as 

monolithic ANN inputs, so that the baseline 

represented a direct system-level input-output 

model rather than a model supplied with 

component-level information. 

For the industrial PEMS case, the benchmark 

comparison was conducted as a real-data tabular 

emission-monitoring problem. This comparison 

is appropriate because predictive emission 

monitoring models are commonly developed as 

direct input-output models that map available 

ambient and process measurements to final 

emission outputs. Therefore, comparing the 

proposed modular ANN framework with 

optimized black-box machine-learning models 

allows the trade-off between final-output 

accuracy and modular interpretability to be 

examined. 

For the industrial PEMS case, the proposed 

modular ANN framework was compared with 

several direct input-output benchmark models, 

including a monolithic ANN, a multi-output 

monolithic ANN, an optimized Random Forest 

regression model, an optimized Extra Trees 

regression model, an optimized Support Vector 

Regression model with a radial basis function 

kernel, and an optimized Extreme Gradient 

Boosting (XGBoost) regression model. These 
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models were selected because they are 

commonly used for nonlinear regression 

problems involving tabular industrial data and 

provide suitable black-box baselines for 

predictive emission monitoring. The initially 

integrated modular ANN before fine-tuning was 

also reported as an intermediate stage of the 

proposed framework to quantify the effect of 

sequential fine-tuning on the final CO and NOx 

prediction accuracy. Two additional deep-

learning baselines, a Deep Multilayer Perceptron 

(MLP) and a Tabular Transformer-style neural 

network, were also implemented for the PEMS 

case using the same train/validation/test split, 

normalization procedure, loss function, and 

early-stopping criterion. 

Different evaluation metrics were used 

according to the objective of each case study. 

For the simulated turbofan case, mean absolute 

percentage error (MAPE) 42 was used as the 

main evaluation metric because it provides a 

scale-independent percentage measure of 

prediction error across gas turbine outputs with 

different units and magnitudes, such as 

temperatures, pressures, thrust, TSFC, and OPR. 

The MAPE is defined as: 

𝑀𝐴𝑃𝐸 =
100

𝑁
∑|

𝑦(𝑖) − 𝑦̂(𝑖)

𝑦(𝑖)
|

𝑁

𝑖=1

  
(8) 

where 𝑦(𝑖)  and 𝑦̂(𝑖)  are the measured and 

predicted values, respectively, and 𝑁 is the 

number of test samples. 

Although MAE was used as the loss function 

during ANN training, MAPE was used as an 

evaluation metric for the simulated turbofan case. 

This distinction is intentional. MAE provides a 

stable optimization objective during training and 

avoids the numerical instability that can occur 

when percentage-based losses are used directly 

in gradient-based optimization. MAPE, on the 

other hand, is useful for reporting the final 

prediction accuracy because the simulated gas 

turbine outputs are positive and non-zero, 

allowing the prediction error to be interpreted as 

a percentage of the measured value. 

For the PEMS case, MAE was used as the 

primary evaluation metric. This choice is 

consistent with the original study of Kaya et al. 
28, allowing direct comparison with previously 

reported CO and NOx prediction results on the 

same dataset. In addition, MAE reports the 

prediction error in the original emission units, 

which is more practical for emission-monitoring 

applications. MAPE was not used as metric for 

the PEMS case because CO values can be small 

in some operating regions (near zero), causing 

percentage errors to become artificially large and 

less representative of practical prediction quality. 

The MAE is defined as: 

𝑀𝐴𝐸 =
1

𝑁
∑|𝑦(𝑖) − 𝑦̂(𝑖)|

𝑁

𝑖=1

  
(9) 

4. Results and discussion 

The simulated turbofan case is first used to 

evaluate the detailed modular implementation of 

the proposed framework, including component-

level prediction, system-level integration, 

sequential fine-tuning, and response under a 

controlled measurement-noise perturbation. The 

industrial PEMS case is then used to evaluate the 

applicability of the framework to real operating 

data and to compare the modular ANN 

framework with direct input-output benchmark 

models. 

4.1. Results for simulated high-bypass 

turbofan dataset 
The simulated turbofan case study was used to 

evaluate the proposed framework under a 

detailed component-level modular structure. The 

analysis was performed in three stages. First, 

each module was trained and evaluated 

independently to assess whether the ANN 

models could capture the local behavior of the 

corresponding gas turbine sections. Second, the 

trained modules were integrated according to the 

gas-path and inter-component relationships to 

evaluate the effect of system-level coupling. 

Third, sequential fine-tuning was applied to 

reduce accumulated prediction errors after 

integration. 
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4.1.1. Component-level prediction results 
The first stage of model development involved 

training independent ANN models for the fan, 

bypass section, LPC, HPC, combustor, HPT, 

LPT, and system-output module. Each module 

was trained using the input-output variables 

defined in Table 2 and the hyperparameter 

optimization procedure described in Section 3.3. 

The purpose of this stage was to ensure that each 

module could accurately learn the local 

nonlinear relationship between its selected 

inputs and outputs before being integrated into 

the system-level modular model. 

Fig. 7 shows the representative predictions for 

the system-output module. The predicted values 

closely follow the actual values for the system 

output parameters, indicating that the 

independently trained ANN model can capture 

the local system-output behavior under variable 

operating and ambient conditions. Similar 

training and evaluation procedures were applied 

to all other modules. 

Component level rows in Table 6 summarize the 

MAPE values obtained for all independently 

trained component models. The results show that 

the individual ANN modules achieved low 

prediction errors across the major gas-path 

sections. This confirms that the selected input-

output variables and module-level ANN models 

were able to represent the local behavior of the 

corresponding gas turbine sections. The system-

output module was also evaluated at this stage; 

however, it should be noted that this module 

does not represent a physical component. Instead, 

it acts as the final prediction module used to 

estimate thrust, TSFC, and OPR from the 

relevant upstream core and bypass information. 

These component-level results are important 

because they establish the baseline accuracy of 

each module before system-level integration. 

However, strong independent performance does 

not necessarily guarantee the same level of 

accuracy after integration because downstream 

modules receive predicted upstream outputs 

rather than measured upstream variables. This 

issue is evaluated in the next subsection. 

 
Fig. 7. Representative prediction performance of the system-output module for the simulated turbofan. 

Table 6. MAPE comparison of the simulated turbofan modular model at different modelling stages. 

Component model Stage 
MAPE values of the output parameters (%) 

Parameter 1 Parameter 2 Parameter 3 Parameter 4 

Fan 
Component level 

𝑇21  𝑃21  𝜂𝑓𝑎𝑛  𝑁1 

0.4861 0.  7  0.0511 0.2806 



10.37965/jdmd.2026.1442 

 

21 

Before fine tune 0.4861 0.  7  0.0511 0.2806 

After fine tune 0. 915 0.  14 0.0597 0.2729 

Bypass section 
Component level 

𝑇𝐵𝑃 𝑃𝐵𝑃   𝐵𝑃𝑅 

- 
0.2590 0.4452 0.1511 

Before fine tune 0.5626 0.4 24 0.1498 

After fine tune 0. 754 0. 72  0.1476 

LPC 
Component level 

𝑇25 𝑃25 𝜂𝐿𝑃𝐶  

- 
0. 511 0.2796 0.2418 

Before fine tune 0.5258 0.4408 0.2542 

After fine tune 0. 765 0.2767 0.1  5 

HPC 
Component level 

𝑇3 𝑃3 𝜂𝐻𝑃𝐶  𝑁2 

0.   9 0.2801 0.0106 0.2 00 

Before fine tune 0.6491 0.97 5 0.0161 0. 479 

After fine tune 0. 480 0.7556 0.0106 0.2499 

Combustor 
Component level 

𝑇4 𝑃4  

- - 
0.226  0.1814 

Before fine tune 0.7606 0.6 59 

After fine tune 0. 771 0.  7  

HPT 
Component level 

𝑇45 𝑃45  𝜂𝐻𝑃𝑇 

- 
0.1877 0.1167 0.0650 

Before fine tune 0.7949 0.60 5 0.102  

After fine tune 0.4065 0.1875 0.0725 

LPT 
Component level 

𝑇5 𝑃5 𝜂𝐿𝑃𝑇 

- 
0.1908 0.1604 0.0262 

Before fine tune 0.9295 0.5841 0.049  

After fine tune 0.2821 0.2424 0.0229 

System-output 

module 

Component level 

𝑇ℎ𝑟𝑢𝑠𝑡 𝑇𝑆𝐹𝐶  𝑂𝑃𝑅 

- 
2.2584 2.4510 0. 218 

Before fine tune 6.1518 6.14 7 0.8105 

After fine tune 2.4909 2. 694 0.4966 

4.1.2. System-level integration and 

sequential fine-tuning 
After the component-level models were trained, 

the best-performing ANN model for each 

module was integrated according to the modular 

structure shown in Fig. 4 and as per the 

connected prediction sequence defined in 

Section 3.1. In the initially integrated model, the 

predicted outputs of upstream modules were 

passed to downstream modules according to the 

defined gas-path, bypass/core and shaft-coupling 

relationships. This stage evaluates whether 

independently trained modules can maintain 

their prediction accuracy when connected as a 

complete modular gas turbine system. 

Before fine tune rows in Table 6 presents the 

MAPE values obtained after direct system-level 

integration. Compared with the independently 

trained component results, the prediction errors 

increase for downstream modules. This occurs 

because downstream modules no longer receive 

the measured upstream variables used during 

independent training; instead, they receive 

predicted upstream outputs from preceding ANN 

modules. Therefore, small upstream prediction 

deviations can influence downstream predictions 

and accumulate through the connected modular 

structure. 

The effect of this error accumulation is most 

visible in the final system-output module. Before 

fine-tuning, the MAPE values for thrust, TSFC, 

and OPR were 6.1518%, 6.1437%, and 0.8105%, 

respectively. These results indicate that direct 

integration of independently trained modules is 

not sufficient to obtain the best system-level 

performance. Therefore, sequential fine-tuning 
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was applied to improve the behavior of the 

connected modular system. 

After fine tune rows in Table 6 shows the MAPE 

values after sequential fine-tuning. The fine-

tuning results also show that the error of every 

intermediate output does not necessarily 

decrease after fine-tuning. For example, the 

MAPE of 𝜂𝑓𝑎𝑛  increased from 0.0511% before 

fine-tuning to 0.0597% after fine-tuning. 

However, during the same fine-tuning process, 

the final system-level errors decreased from 

6.1518% to 2.4909% for thrust, from 6.1437% 

to 2.3694% for TSFC, and from 0.8105% to 

0.4966% for OPR. This behavior indicates a 

trade-off between local module accuracy and 

global integrated-model accuracy. The purpose 

of fine-tuning is therefore not to make every 

intermediate output more accurate in isolation, 

but to calibrate the connected model so that the 

final integrated outputs improve while 

intermediate predictions remain physically 

traceable. 

Fig. 8 further illustrates the effect of sequential 

fine-tuning on the final system outputs. Fig. 8(a) 

compares the prediction errors of the final 

system-output module before and after fine-

tuning, while Fig. 8(b) shows the agreement 

between actual and predicted normalized values. 

The improvement after fine-tuning confirms that 

the proposed framework does not simply 

connect independently trained modules but also 

adjusts the integrated modular system to reduce 

the mismatch caused by replacing measured 

upstream variables with predicted upstream 

outputs. 

This result supports the role of sequential fine-

tuning in the proposed framework. The 

independent module-training stage allows each 

module to learn local gas turbine behavior, while 

the fine-tuning stage improves the coordinated 

behavior of the connected system. Therefore, the 

final integrated model preserves intermediate 

module-level predictions while achieving 

improved final-output accuracy.

 

 
(a) 
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(b) 

Fig. 8. Effect of sequential fine-tuning on the final system-output module predictions for the simulated turbofan case: 

(a) MAPE comparison before and after fine-tuning and (b) representative actual and predicted normalized output 

trends.

To further evaluate the final-output accuracy of 

the proposed modular framework, the fine-tuned 

modular ANN was compared with an optimized 

monolithic ANN baseline trained end-to-end on 

the same clean simulated turbofan dataset. The 

monolithic ANN used the same external 

operating and control inputs as the modular 

framework and directly predicted thrust, TSFC, 

and OPR. The results are summarized in Table 7. 

The monolithic ANN achieved MAPE values of 

2.2580%, 2.5089%, and 0.9443% for thrust, 

TSFC, and OPR, respectively. The fine-tuned 

modular ANN achieved corresponding MAPE 

values of 2.4909%, 2.3694%, and 0.4966%.  

These results show that the modular framework 

does not uniformly outperform the monolithic 

ANN for every final output; the monolithic 

ANN produced a slightly lower thrust error, 

whereas the modular ANN produced lower 

TSFC and OPR errors. When averaged across 

the three final outputs, the modular ANN 

achieved a slightly lower MAPE than the 

monolithic ANN, with average values of 1.7856% 

and 1.9037%, respectively. Therefore, the 

comparison does not indicate a general loss of 

final-output accuracy due to modularization. 

Instead, it shows that the proposed framework 

maintains competitive end-to-end prediction 

accuracy while additionally preserving 

intermediate gas-path predictions. This added 

structure supports subsystem-level traceability, 

cascading-error analysis, and modular model 

updating, which are not available from the 

monolithic ANN baseline. 

Table 7. Final-output MAPE comparison between 

the optimized monolithic ANN and the proposed 

modular ANN for the simulated turbofan case. 

Model Thrust 

MAPE 

(%) 

TSFC 

MAPE 

(%) 

OPR 

MAPE 

(%) 

Optimized 

monolithic ANN 

2.2580 2.5089 0.9443 

Proposed modular 

ANN after fine-

tuning 

2.4909 2.3694 0.4966 

4.1.3. Physical consistency verification 
To further assess whether the predicted 

intermediate quantities remain physically 

reasonable, a post-training physical consistency 

verification was performed for the simulated 

turbofan case. This verification was not used as 

an additional training constraint; rather, it was 

used to check whether the trained modular 

model preserved the basic gas-path trends 

expected from the engine configuration. The 

checked conditions included temperature and 

pressure increases across the fan and compressor 

modules, temperature increase across the 

combustor, temperature and pressure decreases 

across the turbine modules, efficiency values 

within the physically admissible range, and 

positive final system-level outputs. 
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The results are summarized in Table 8. No 

violations were observed for the fan-compressor 

temperature-rise and pressure-rise checks, 

combustor temperature-rise check, turbine 

temperature-drop and pressure-drop checks, 

efficiency-range check, or final-output positivity 

check. For the combustor, a pressure loss is 

normally expected because of flow resistance 

and mixing through the combustor. Therefore, 

the strict condition 𝑃̂4 ≤ 𝑃̂3  was also checked. 

This condition was violated in 17.96% of the test 

samples. However, the average relative pressure 

excess in the violating samples was only 0.47% 

of 𝑃̂3, and only 0.72% of all test samples had a 

relative pressure excess greater than 1%. The 1% 

value is not used to redefine the physical 

constraint; it is only reported to indicate the 

practical magnitude of the strict pressure-loss 

violations. These results show that the model 

preserves the main physical trends within the 

tested operating envelope, while also confirming 

that detailed thermodynamic constraints are not 

strictly enforced during training. Explicit 

enforcement of such constraints is left for future 

physics-informed extensions. 

Table 8. Physical consistency verification of the fine-

tuned modular model for the simulated turbofan case. 

Constraint 

group 

Checked condition Violation 

rate (%) 

Fan-

compressor 

temperature 

rise 

𝑇̂1 ≤ 𝑇̂2.1 ≤ 𝑇̂2.5 ≤ 𝑇̂3 0.00 

Fan-

compressor 

pressure rise 

𝑃̂1 ≤ 𝑃̂2.1 ≤ 𝑃̂2.5 ≤ 𝑃̂3 0.00 

Combustor 

temperature 

rise 

𝑇̂4 ≥ 𝑇̂3 0.00 

Strict 

combustor 
𝑃̂4 ≤ 𝑃̂3 17.96 

pressure 

loss 

Combustor 

pressure 

excess 

above 1% 

𝑃̂4 − 𝑃̂3

𝑃̂3
> 1% 

0.72 

Turbine 

temperature 

drop 

𝑇̂5 ≤ 𝑇̂4.5 ≤ 𝑇̂4 0.00 

Turbine 

pressure 

drop 

𝑃̂5 ≤ 𝑃̂4.5 ≤ 𝑃̂4 0.00 

Efficiency 

range 

0 ≤ 𝜂̂𝑖 ≤ 1;  𝑖
∈ {𝑓𝑎𝑛, 𝐿𝑃𝐶, 𝐻𝑃𝐶, 𝐻𝑃𝑇, 𝐿𝑃𝑇} 

0.00 

Final-output 

positivity 
𝑇ℎ𝑟𝑢𝑠𝑡̂ ,𝑇𝑆𝐹𝐶̂, 𝑂𝑃𝑅̂ > 0 0.00 

4.1.4. Controlled measurement-noise 

perturbation test 

To evaluate the response of the proposed 

framework under controlled measurement 

uncertainty, Gaussian noise was added to 

selected gas-path parameters using the noise 

levels described in Table 5. The same modular 

training, integration, and sequential fine-tuning 

procedure was then repeated using the noisy 

dataset. This analysis was designed as a 

controlled sensor-noise perturbation test, not as a 

full Monte Carlo uncertainty-quantification 

study, and was used to examine whether the 

proposed framework could maintain acceptable 

prediction accuracy when sensor-level 

uncertainty is introduced. 

Table 9 presents the component-level prediction 

results obtained under noisy measurement 

conditions. The results show that the proposed 

framework maintains stable prediction 

performance despite the presence of simulated 

sensor noise. Although the prediction errors 

increase slightly compared with the clean-data 

case, the overall accuracy remains acceptable 

across the gas-path modules. 

Table 9. Component-level MAPE under measurement noise before and after sequential fine-tuning, including 

average module error and percentage change. 

Component 

model 
Stage 

MAPE values of the output parameters (%) Average 

MAPE 

(Percentage 

change) 

Parameter 1 Parameter 2 Parameter 3 Parameter 4 

Fan Before fine tune 𝑇21 𝑃21 𝜂𝑓𝑎𝑛 𝑁1  
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0.5202 0.4122 0.0489 0. 94  0. 4 9 

After fine tune 0.550  0.4245 0.0481 0. 052 
0.  20 

(− .45%) 

Bypass section 
Before fine tune 

𝑇𝐵𝑃 𝑃𝐵𝑃 𝐵𝑃𝑅 

- 

 

0.57 5 0.4102 0.1490 0. 776 

After fine tune 0.4714 0.4768 0.1468 
0. 650 

(− .  %) 

LPC 
Before fine tune 

𝑇25 𝑃25 𝜂𝐿𝑃𝐶  

- 

 

0.51 1 2.0 29 0.1959 0.9140 

After fine tune 0. 066 1.98 1 0.1049 
0.7982 

(−12.66%) 

HPC 
Before fine tune 

𝑇3 𝑃3 𝜂𝐻𝑃𝐶  𝑁2  

0.5660 1. 051 0.0184 0.4485 0.5845 

After fine tune 0. 279 1.2052 0.0158 0. 467 
0.47 9 

(−18.92%) 

Combustor 
Before fine tune 

𝑇4 𝑃4 

- - 

 

0.5814 1.  77 0.9596 

After fine tune 0.29 9 0.7759 
0.5 49 

(−44.25%) 

HPT 
Before fine tune 

𝑇45 𝑃45 𝜂𝐻𝑃𝑇 

- 

 

0.5999 1.2625 0.0882 0.6502 

After fine tune 0. 445 0.5914 0.0458 
0. 272 

(−49.67%) 

LPT 
Before fine tune 

𝑇5 𝑃5 𝜂𝐿𝑃𝑇 

- 

 

0.68 4 2.5688 0.0 5  1.0958 

After fine tune 0. 0 6 2.178  0.0250 
0.8 56 

(−2 .74%) 

System-output 

module 

Before fine tune 

𝑇ℎ𝑟𝑢𝑠𝑡 𝑇𝑆𝐹𝐶 𝑂𝑃𝑅 

- 

 

4.242  4.2716 0.8 80  .117  

After fine tune 2.4065 2.6141 0.7682 
1.9296 

(− 8.10%) 
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(a) 

 
(b) 

Fig. 9. Engine model performance before and after the fine-tuning process for data with measurement 

noise (a) actual vs predicted values (b) normalized values. 

To provide a compact comparison, the output-

wise MAPE values were averaged for each 

module, and the resulting module-wise average 

MAPE values are also provided in Table 9 

which compares the prediction errors under 

noisy conditions before and after sequential fine-

tuning. Similar to the clean-data case, the 

initially integrated model shows increased 

downstream error due to propagation of 

upstream prediction deviations. After sequential 

fine-tuning, the final system-level errors are 

reduced, demonstrating that the fine-tuning 

strategy remains effective even when 

measurement noise is present. 

The reductions in MAPE values, highlighted in 

Fig. 9, demonstrate the effectiveness of fine-

tuning for system integration under the tested 

noise case. The controlled perturbation results 

show that the proposed framework can tolerate 

the applied measurement-noise realization while 

preserving the modular prediction structure. This 

is important for practical gas turbine monitoring 

because sensor measurements are affected by 

environmental conditions, calibration error, 

signal interference, and operational variability. 

The results suggest that the modular ANN 

framework, combined with sequential fine-

tuning, can provide stable system-level 
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prediction even when the input data contain 

measurement noise. 

It should be noted that this measurement-noise 

evaluation was based on one fixed Gaussian 

noise realization. Therefore, the results 

demonstrate the behavior of the proposed 

framework under a representative controlled 

sensor-noise perturbation, rather than statistical 

robustness over repeated noise realizations. 

Because Monte Carlo trials were not performed, 

confidence intervals are not reported. Repeated 

noise realizations, multiple noise-intensity levels, 

and confidence-interval reporting will be 

considered in future work to further quantify 

statistical robustness. 

4.2. Results for Industrial PEMS 

dataset 

The industrial PEMS case study was used to 

evaluate the proposed framework using real gas 

turbine operating data. Unlike the simulated 

turbofan case, where detailed component-level 

gas-path variables were available, the PEMS 

dataset was implemented using a reduced 

modular structure consisting of cold-section, 

hot-section, and emission modules. The purpose 

of this case study was to assess whether the 

proposed modular modelling and sequential 

fine-tuning strategy can be applied to real 

operational data while preserving intermediate 

section-level predictions. 

4.2.1. Effect of sequential fine-tuning on 

the modular PEMS model 

The reduced modular ANN model was first 

developed by training the cold-section, hot-

section, and emission modules independently. 

The trained modules were then integrated 

according to the structure shown in Fig. 5 and as 

per the connected prediction sequence defined in 

Section 3.2. In the initially integrated model, 

downstream modules received predicted 

upstream quantities instead of measured 

upstream values. Sequential fine-tuning was then 

applied to reduce the mismatch introduced by 

this integration process. The prediction 

performance before and after fine-tuning is 

summarized in Table 10. 

Table 10. Module-level MAE of the industrial PEMS 

modular ANN before and after sequential fine-tuning. 

Module Output Before 

fine 

tune 

After 

fine 

tune 

MAE 

reduction 

(%) 

Cold 

section 

module 

TIT 5.6644 5.6644 - 

CDP 0.3498 0.3498 - 

Hot 

section 

module 

TAT 2.1432 2.0631 3.7388 

GTEP 1.5187 1.5135 0.3388 

TEY 5.2873 5.2697 0.3319 

Emission 

module 

CO 0.9784 0.8746 10.6076 

NOx 8.5516 5.1971 39.2270 

Table 10 shows that the effect of sequential fine-

tuning is more pronounced in the downstream 

modules than in the upstream module. The cold-

section module shows identical MAE values 

before and after fine-tuning because it is the 

entry module of the reduced PEMS structure and 

receives only directly measured input variables. 

Therefore, it is not affected by the replacement 

of upstream measured quantities with upstream 

predicted outputs. In the sequential fine-tuning 

process, the cold-section module was retained as 

the upstream boundary module, while the 

downstream hot-section and emission modules 

were adjusted to improve integrated system 

behaviour. 

For the hot-section module, sequential fine-

tuning provides modest reductions in MAE. The 

MAE of TAT decreases from 2.1432 to 2.0631, 

corresponding to a reduction of 3.7388%. 

Smaller improvements are observed for GTEP 

and TEY, with MAE reductions of 0.3388% and 

0.3319%, respectively. These modest reductions 

indicate that the hot-section module was already 

relatively stable after initial integration, but fine-

tuning still slightly improved the consistency of 

the downstream predictions. 

The improvement is more significant for the 

final emission module. The MAE of CO 

decreases from 0.9784 before fine-tuning to 

0.8746 after fine-tuning, giving a reduction of 

10.6076%. For NOx, the MAE decreases from 

8.5516 to 5.1971, corresponding to a reduction 

of 39.2270%. This improvement confirms that 
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sequential fine-tuning is particularly useful for 

the final output module, where prediction errors 

from upstream section-level modules can 

influence the final emission estimates. 

 

Fig. 10. Actual and predicted CO and NOx values of the industrial PEMS emission module before and after 

sequential fine-tuning. 

Fig. 10 compares the actual and predicted CO 

and NOx values before and after sequential fine-

tuning for representative test samples. For CO, 

both models capture the general low-emission 

trend, although sharp emission spikes remain 

difficult to predict because they occur only over 

limited operating regions. After fine-tuning, the 

predicted CO trend becomes closer to the actual 

values in the normal operating range, which is 

consistent with the reduction in MAE reported in 

Table 10. For NOx, the improvement after fine-

tuning is more visible, with the fine-tuned model 

following the actual fluctuations more closely 

than the initially integrated model. 

Overall, the PEMS results demonstrate that the 

proposed framework can be adapted to real 

industrial gas turbine data using a reduced 

modular structure. The before-and-after 

comparison shows that sequential fine-tuning 

improves the behaviour of the connected 

modules, especially for the final emission 

outputs, while preserving intermediate section-

level predictions. 

4.2.2. Benchmark comparison for the 

industrial PEMS case 

To further evaluate the prediction performance 

of the proposed modular ANN framework on the 

industrial PEMS dataset, its final fine-tuned 

results were compared with several direct input-

output benchmark models. This comparison was 

performed only for the PEMS case because 

predictive emission monitoring is commonly 

formulated as a tabular regression problem, 

where available ambient and process 

measurements are directly mapped to final 

emission outputs. Therefore, comparison with 

optimized black-box regression models provides 

a suitable reference for assessing the trade-off 

between final-output prediction accuracy and 

modular interpretability. 

The benchmark models included a monolithic 

ANN, a multi-output monolithic ANN, an 

optimized Random Forest regression model, an 

optimized Extra Trees regression model, an 

optimized Support Vector Regression model 

with a radial basis function kernel, and an 

optimized XGBoost regression model. To 



10.37965/jdmd.2026.1442 

 

29 

further strengthen the comparison with deep-

learning baselines, two additional neural-

network models were implemented using the 

same input variables, output variables, 

train/validation/test split, normalization 

procedure, loss function, and early-stopping 

criterion. These two models were selected 

because the PEMS case is a tabular steady-state 

regression problem: the Deep MLP provides a 

standard fully connected deep-learning baseline 

for tabular regression, while the Tabular 

Transformer-style model provides an attention-

based tabular neural-network baseline for 

capturing feature interactions among continuous 

input variables. The first model was a deep 

multilayer perceptron with four dense hidden 

layers, batch normalization, ReLU activation, 

and a two-output linear regression layer. The 

second was an attention-based tabular neural 

network, referred to here as a Tabular 

Transformer-style model, in which each 

continuous input variable was tokenized into a 

latent representation and processed through 

Transformer-style self-attention blocks before 

the final regression layer. In addition, the best 

MAE values reported by Kaya et al. 28 for the 

same PEMS dataset are included as a literature 

reference. This comparison is used to 

contextualize the prediction accuracy of the 

proposed framework; however, it should be 

interpreted with caution because differences in 

data partitioning, preprocessing, and model 

development settings may affect direct 

comparability with previously reported literature 

results. 

Table 11. MAE comparison of the proposed modular 

ANN framework with benchmark models for the 

industrial PEMS dataset. 

Model CO 

MAE 

NOx 

MAE 

Kaya et al. 28, best reported 

model 

0.9300 7.9100 

Monolithic ANN 0.8826 5.1636 

Multi-output monolithic ANN 0.8878 5.2353 

Deep MLP 0.8845 5.1140 

Tabular Transformer-style 

neural network 

0.8895 5.3380 

Random Forest regression 0.8701 4.9324 

Extra Trees regression 0.8384 4.7731 

Support Vector Regression 

with radial basis function 

kernel 

0.9588 5.9434 

XGBoost regression 0.9288 5.2855 

Proposed modular ANN after 

sequential fine-tuning 

0.8746 5.1971 

Table 11 shows that the proposed modular ANN 

after sequential fine-tuning achieved MAE 

values of 0.8746 for CO and 5.1971 for NOx. 

These values are lower than the best MAE 

values reported by Kaya et al. 28, which were 

0.93 for CO and 7.91 for NOx. Compared with 

the additional deep-learning baselines, the 

proposed modular ANN achieved lower CO 

MAE than both the Deep MLP (0.8845) and the 

Tabular Transformer-style model (0.8895). For 

NOx, the Deep MLP achieved a slightly lower 

MAE (5.1140) than the proposed modular ANN 

(5.1971), while the Tabular Transformer-style 

model produced a higher MAE (5.3380). These 

results show that the proposed modular 

framework provides competitive prediction 

accuracy on the PEMS dataset while also 

preserving intermediate section-level predictions 

through the cold-section and hot-section 

modules. 

Among the benchmark models developed in this 

study, the optimized Extra Trees regression 

model achieved the lowest MAE for both CO 

and NOx, with values of 0.8384 and 4.7731, 

respectively. The optimized Random Forest 

regression model also achieved slightly lower 

MAE values than the proposed modular ANN, 

and the Deep MLP achieved slightly lower NOx 

MAE. However, these benchmark models are 

direct black-box input-output predictors and do 

not provide intermediate section-level 

predictions. Therefore, although they achieve 

strong final-output accuracy, they do not support 

subsystem-level traceability or analysis of how 

prediction errors evolve through the modular 

structure. 

The practical value of the modular structure can 

be illustrated using the PEMS fine-tuning results 

in Table 10. In a direct black-box model such as 

Extra Trees, only the final CO and NOx errors 

are available, so it is difficult to determine 
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whether a large emission prediction error 

originates from the upstream operating-condition 

representation or from the final emission-

mapping stage. In contrast, the proposed 

modular ANN provides intermediate errors for 

the cold-section, hot-section, and emission-

output modules. In this case, the cold-section 

errors remained unchanged after integration 

because this module receives directly measured 

inputs, while the hot-section errors changed only 

slightly after fine-tuning. The main improvement 

occurred in the emission-output module, where 

the CO MAE decreased from 0.9784 to 0.8746 

and the NOx MAE decreased from 8.5516 to 

5.1971. This indicates that the dominant source 

of the final emission prediction error was not the 

upstream cold-section representation, but the 

downstream emission-output mapping under 

integrated predicted-input conditions. This 

example demonstrates how the modular 

framework can localize the section in which 

prediction error is amplified, whereas a direct 

final-output model can only report the final 

prediction error. 

The proposed modular ANN achieved prediction 

accuracy close to the best-performing black-box 

models while retaining the structural advantages 

of the modular framework. Compared with the 

initially integrated modular ANN before fine-

tuning, the proposed fine-tuned model reduced 

the CO MAE from 0.9784 to 0.8746 and the 

NOx MAE from 8.5516 to 5.1971. This 

confirms that sequential fine-tuning substantially 

improves the integrated modular model and 

makes final-output accuracy comparable with 

direct input-output benchmark models. 

Overall, these results indicate that the proposed 

modular ANN provides competitive final-output 

accuracy while preserving intermediate section-

level predictions that are not available in direct 

input-output benchmark models. The 

comparison with additional deep-learning 

baselines further shows that increasing the 

complexity of a direct neural-network model 

does not automatically provide better 

performance for both emission outputs. 

Therefore, the proposed framework should be 

interpreted as an accuracy–traceability trade-off 

rather than only as a final-output black-box 

predictor. The broader trade-off between black-

box prediction accuracy and modular 

interpretability is further discussed in Section 

4.3. 

4.3. Discussion 

The results demonstrate that the proposed 

domain-knowledge-guided modular ANN 

framework provides a structured approach for 

gas turbine performance and emission prediction. 

In the simulated turbofan case, the use of 

separate modules for the fan, bypass section, 

compressors, combustor, turbines, and system-

output module allowed the local behaviour of 

individual gas turbine sections to be learned 

before system-level integration. This supports 

the main objective of the framework: preserving 

gas turbine structure and intermediate module-

level information rather than treating the system 

as a single unstructured input-output mapping. 

A key finding from the simulated turbofan case 

is that accurate independent module 

performance does not automatically guarantee 

accurate system-level prediction after integration. 

When the trained modules are connected, 

downstream modules receive predicted upstream 

quantities rather than measured upstream 

variables. This can introduce accumulated error 

through the connected modular structure. 

Sequential fine-tuning addressed this issue by 

adjusting the integrated model after module 

connection. The reduction of final-output errors 

for thrust, TSFC, and OPR after fine-tuning 

confirms that this step is not simply an 

additional training stage, but a necessary system-

level refinement process for improving the 

consistency of the connected modules. 

The measurement-noise analysis further shows 

that the framework maintains stable prediction 

performance under controlled sensor uncertainty. 

This is important because gas turbine 

measurements are affected by sensor noise, 

calibration differences, environmental variation, 

and operational disturbances. The controlled 

measurement-noise perturbation results indicate 

that the proposed modular ANN framework 

maintained stable prediction accuracy under the 

tested noisy input condition while preserving the 
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modular prediction structure. This supports its 

potential use in measurement-oriented gas 

turbine monitoring applications, although 

broader statistical robustness should be assessed 

through repeated noise realizations in future 

work. 

The industrial PEMS case extends the evaluation 

beyond the simulated turbofan dataset and 

demonstrates that the same modular modelling 

philosophy can be applied to real gas turbine 

operating data. Since the PEMS dataset does not 

provide the same detailed station-level 

measurements as the simulated turbofan case, 

the framework was implemented using a reduced 

section-level structure consisting of cold-section, 

hot-section, and emission/output modules. The 

improvement in CO and NOx prediction after 

sequential fine-tuning shows that the proposed 

integration and refinement strategy remains 

useful even when the modular resolution is 

coarser than a full component-level gas turbine 

model. 

The benchmark comparison for the PEMS 

dataset highlights an important trade-off 

between final-output accuracy and modular 

interpretability. The optimized Extra Trees 

regression model achieved the lowest MAE 

among the benchmark models, while the Deep 

MLP also achieved slightly lower NOx MAE 

than the proposed modular ANN. This shows 

that direct black-box regression models, 

including both ensemble methods and deep 

neural networks, can be highly effective for 

tabular emission prediction. However, these 

models operate as direct input-output predictors 

and do not provide intermediate section-level 

predictions. In contrast, the proposed modular 

ANN achieved competitive emission prediction 

accuracy while preserving cold-section and hot-

section outputs before final CO and NOx 

prediction. Therefore, the value of the proposed 

framework is not only in final-output accuracy, 

but also in subsystem-level traceability, error-

propagation analysis, and modular updating 

capability. 

Therefore, the modular framework should be 

interpreted as an accuracy–traceability trade-off: 

although the optimized Extra Trees model 

achieved the lowest final-output MAE, the 

proposed modular ANN provides intermediate 

section-level outputs that can be used to identify 

whether prediction errors are mainly introduced 

in the upstream operating-condition 

representation, the hot-section mapping, or the 

final emission-output mapping. 

The modular structure also offers practical 

advantages for long-term model use. Because 

each module is developed separately before 

integration, individual modules can be retrained 

or refined when new measurements, updated 

operating conditions, or modified component 

information become available. This is relevant 

for industrial gas turbines, where operating 

regimes, maintenance actions, component aging, 

and sensor configurations may change over time. 

A modular formulation can therefore support 

incremental model improvement without 

requiring the complete system model to be 

redesigned from the beginning. 

Despite these advantages, some limitations 

remain. The simulated turbofan case provides 

detailed component-level modelling under 

controlled operating conditions, but simulation 

data cannot fully reproduce all uncertainties 

present in real engine operation. The PEMS case 

addresses this limitation by introducing real 

industrial measurements; however, the available 

variables support only a reduced section-level 

modular structure rather than a detailed 

component-level gas-path model. In addition, 

the present study focuses on performance and 

emission prediction rather than explicit fault 

diagnosis or degradation prognosis. Future work 

should evaluate the framework using real gas 

turbine datasets with richer station-level 

measurements, degradation conditions, and 

fault-related operating scenarios. Further 

extensions could also incorporate physics-

informed loss terms when reliable 

thermodynamic relationships, component-map 

information, or conservation constraints are 

available. For example, recent component-level 

gas turbine compressor Physics Informed Neural 

Network (PINN) modelling has shown how 

thermodynamic differential constraints can be 

embedded in the neural-network loss function to 

improve physical consistency, and such 
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component-level PINN models could be 

integrated into a modular system-level 

architecture in future work 43. Uncertainty 

quantification and transfer-learning strategies 

should also be investigated to improve 

generalization across different gas turbine 

configurations. 

5. Conclusions 
This study proposed a domain-knowledge-

guided modular ANN framework for gas turbine 

performance and emission prediction. The 

framework decomposes the gas turbine system 

into physically meaningful modules, trains each 

module independently, integrates the trained 

modules according to gas-path and inter-

component relationships, and applies sequential 

fine-tuning to improve integrated system 

performance. 

The simulated high-bypass turbofan case 

demonstrated the effectiveness of the framework 

for detailed component-level modular modelling. 

The results showed that direct integration of 

independently trained modules can introduce 

accumulated prediction error, while sequential 

fine-tuning substantially improves the final 

system-output accuracy. After fine-tuning, the 

MAPE values for thrust, TSFC, and OPR were 

reduced to 2.4909%, 2.3694%, and 0.4966%, 

respectively. The framework also maintained 

stable performance under a controlled single-

realization sensor-noise perturbation. This result 

should be interpreted as a controlled perturbation 

test rather than a full Monte Carlo robustness 

analysis; multi-realization testing with 

confidence-interval reporting is left for future 

work. 

The industrial PEMS case further demonstrated 

that the same modular modelling philosophy can 

be adapted to real gas turbine operating data 

using a reduced section-level structure. 

Sequential fine-tuning improved the final 

emission predictions, reducing the MAE by 

approximately 10.6% for CO and 39.2% for 

NOx. The benchmark comparison showed that 

the proposed modular ANN achieved 

competitive accuracy compared with direct 

input-output machine-learning models and deep-

learning benchmark models, while additionally 

preserving intermediate section-level predictions. 

Overall, the proposed framework provides a 

flexible and interpretable modelling approach 

for gas turbine systems with different 

configurations and modelling resolutions. 

Accordingly, the proposed approach should not 

be interpreted as a universal fixed module layout; 

the modular decomposition must be redefined 

according to the specific gas turbine architecture, 

available sensor set, measurement resolution, 

and prediction objective. Its main value lies in 

combining prediction accuracy with modular 

traceability, error-propagation analysis, and the 

possibility of updating individual modules as 

new data become available. These characteristics 

make the framework suitable for measurement-

oriented gas turbine performance analysis, 

predictive emission monitoring, and modular 

digital twin development. 

Future work will focus on evaluating the 

framework using real gas turbine datasets with 

richer station-level measurements, explicit 

degradation conditions, and fault-related 

operating scenarios. Adaptive or automatically 

learned fine-tuning weights may also be 

investigated to further balance component-level 

accuracy and final system-level prediction 

accuracy under different operating objectives. 

Further extensions may also include physics-

informed loss terms, uncertainty quantification, 

and transfer-learning strategies to improve 

generalization across different gas turbine 

configurations.  
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Appendix: Final selected ANN 

architectures 
Table A1. Final selected architecture and training 

settings of the ANN models for simulated turbofan 

dataset. 

Module Number Neurons in Batch 
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of 

hidden 

layers 

hidden layers size 

Fan 3 15/50/25 512 

Bypass section 4 40/30/50/10 512 

LPC 2 25/20 512 

HPC 4 30/40/45/25 512 

Combustor 2 15/50 512 

HPT 4 45/20/10/50 512 

LPT 3 15/20/50 1024 

System-output 

module 

5 40/40/55/45/35 512 

Optimized 

monolithic 

ANN 

3 224/32/128 256 

Note: The number of hidden layers refers to Dense hidden layers 

only and excludes the output layer. ReLU activation was used in 

all hidden layers. The modular ANN models used sigmoid output 

activation because the outputs were min-max normalized, whereas 

the optimized monolithic ANN used a linear output layer. For the 

modular ANN models, Adam optimizer with the default learning 

rate of 0.001 was used. For the optimized monolithic ANN, Adam 

optimizer with a selected learning rate of  .70x10−4  was used. 

Early-stopping based on validation loss was used during training. 
 

Table A2. Final selected architecture and training 

settings of the ANN models for PEMS dataset. 

Module Number of 

hidden 

layers 

Neurons in 

hidden layers 

Batch 

size 

Cold 

section 

4 70/90/50/90 256 

Hot 

section 

5 50/20/40/80/

40 

256 

Emission 

module 

4 80/60/70/40 512 

Optimized 

monolithic 

ANN 

5 90/40/50/100

/20 

256 

Note: The number of hidden layers refers to Dense hidden layers 

only and excludes the output layer. ReLU activation was used in 

all hidden layers. The PEMS modular ANN models used sigmoid 

output activation because the outputs were min-max normalized. 

The Adam optimizer with the default learning rate of 0.001 was 

used for the PEMS modular ANN models. Early-stopping based on 

validation loss was used during training. 
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