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INTRODUCTION

Contemporary research on stress highlights its 
significant negative impact on both physical and 
mental health [1], which motivates the search for 
objective, non-invasive methods of measurement. 
Affective computing offers promising solutions, 
among which thermal imaging stands out as a robust 
tool for stress recognition [2]. Unlike visible-light 
cameras, thermal sensors capture physiological cor-
relates of stress (e.g., changes in blood flow, per-
spiration) by recording facial temperature patterns, 
which are difficult to manipulate consciously [3].

Despite this potential, existing machine learn-
ing methods for stress classification based on ther-
mal imaging face several challenges. Many stud-
ies rely on single, complex models that are prone 
to overfitting, particularly on limited datasets – a 
common issue in this field [4]. Moreover, model 
performance can be severely affected by data 
heterogeneity, such as the use of different ther-
mal palettes (e.g., Iron, Rainbow), which alter the 
visual representation of identical thermal infor-
mation [5]. Although ensemble methods improve 
accuracy and robustness [6], standard techniques 
like majority voting or weighted averaging often 
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fail to fully leverage individual models’ strengths. 
Linear weighting schemes ignore nonlinear per-
formance dependencies and lack mechanisms to 
dynamically adjust a model’s influence based on 
its prediction confidence for each sample [7].

To address these challenges, this article pro-
poses a novel hybrid ensemble learning method 
for stress classification. The main scientific con-
tribution lies in the innovative integration of 
Gompertz function-based nonlinear weighting 
with an adaptive fuzzy logic system to evaluate 
prediction confidence within an ensemble of light-
weight convolutional neural networks (CNNs). 
This approach is comprehensively validated on 
a modified version of the comprehensive facial 
thermal dataset (CFTD), where original emotion 
classes are remapped into three stress levels: no 
stress, low stress, and high stress.

The key scientific contributions of this work 
are fourfold:
	• A novel hybrid ensemble framework – the 

author introduces a three-stage aggregation 
process – nonlinear weighting of base mod-
els using a calibrated Gompertz function to 
amplify stronger models, dynamic adjust-
ment of these weights via a fuzzy logic sys-
tem based on per-prediction confidence, and 
final fusion using fuzzy rules. This represents 
a novel methodological approach to handling 
uncertainty in ensemble decision-making. 

	• Rigorous cross-palette validation – the author 
conducts an extensive evaluation under two 
data scenarios: a consistent thermal palette 
(Iron) and a mixed-palette variant, providing 
valuable insights into how data representation 
consistency impacts model performance. This 
addresses a critical, often overlooked chal-
lenge in thermal image analysis.

	• Comprehensive empirical analysis – the 
author evaluates six modern lightweight CNN 
architectures (MobileNetV3-Lite, TinyNet-
E, FBNetV3, CondenseNetV2, NanoNet, 
ShuffleNetV2) and benchmarks the proposed 
ensemble against standard approaches (Major-
ity Voting, Weighted Averaging, standalone 
Gompertz weighting). This provides a valu-
able benchmark for the research community.

	• In-depth statistical validation  – the author 
applies robust statistical tests – including 
paired t-tests, two-way ANOVA, and McNe-
mar’s test – to scientifically validate the supe-
riority of the proposed method, demonstrating 

statistically significant error reductions, par-
ticularly for the critical “high stress” class.

The structure of this article is as follows: 
Related work reviews the literature on stress 
recognition, thermal imaging, and ensemble 
methods. Research project describes the study 
design, dataset, base CNN models, and proposed 
ensemble methodology. Experiments and Results 
present the experimental findings and discussion. 
Finally, Conclusion summarizes the paper and 
outlines future research directions.

RELATED WORKS

Affective computing is a research field 
focused on recognizing, interpreting, and pro-
cessing human emotional states using computa-
tional systems. One of its central challenges is 
the objective and non-invasive measurement of 
psychological stress. Traditional approaches – 
based on self-reporting or physiological measure-
ments such as EDA (electrodermal activity) or 
ECG (electrocardiography) – tend to be intrusive 
for users and are sensitive to motion artifacts. In 
this context, thermal imaging emerges as a prom-
ising alternative, as it captures changes in facial 
skin thermoregulation directly governed by the 
autonomic nervous system (ANS) – the primary 
mediator of the stress response [8]. Non-invasive-
ness, safety, and user-friendliness are among the 
key advantages of thermal methods.

The physiological foundation of thermo-
graphic stress recognition lies in studies examin-
ing blood flow changes in facial vessels. Stress 
activates the sympathetic branch of the ANS, 
inducing vasoconstriction in specific regions 
(e.g., nose, forehead), leading to visible cool-
ing in thermal images, while other regions (e.g., 
cheeks) may exhibit warming [9]. A systematic 
review in [10] confirmed the high validity of ther-
mography for emotion research while also identi-
fying its limitations.

In the context of automatic classification meth-
ods, three evolving paradigms can be distinguished:
	• Hand-crafted feature methods – some stud-

ies, e.g., [11], extracted statistical measures 
(mean, temperature variance) from manually 
or semi-automatically defined regions of inter-
est (ROI) and used conventional classifiers 
such as SVM (support vector machines) [12] 
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or Random Forest to differentiate stress and 
relaxation states.

	• Shallow neural network methods – with the 
rise of deep learning, convolutional neu-
ral networks (CNNs) began to be applied 
for automatic feature extraction. Early stud-
ies typically relied on shallow architectures 
trained from scratch on relatively small ther-
mal datasets [13].

Deep transfer learning methods – the most 
recent and effective approaches employ deep 
CNNs pre-trained on large datasets (e.g., Ima-
geNet) and fine-tune them for thermal classifica-
tion tasks. In [14], this approach demonstrated 
clear superiority, achieving substantially better 
performance in valence/arousal classification 
compared to traditional methods.

Despite progress, major challenges remain. 
The most significant is the lack of large, standard-
ized, publicly available thermal datasets dedicated 
to stress research, which hinders training of very 
deep models from scratch. Another important 
issue is sensitivity to data acquisition conditions. 
As shown in [15], changing a thermal camera’s 
color palette can drastically degrade accuracy in 
models not trained for such variation. This limi-
tation directly motivates the experimental frame-
work of this work, which compares single-palette 
and mixed-palette scenarios.

Deploying facial and emotion recognition 
systems on mobile devices, embedded systems, 
or human–computer interfaces (HCI) requires 
models with low computational and memory 
demands, capable of operating in near-real time. 
This necessity has driven the rapid development 
of efficient lightweight CNN architectures. Their 
evolution has progressed from simple compres-
sion techniques (pruning, quantization) applied to 
large models toward designing efficient building 
blocks from scratch. A breakthrough came with 
MobileNet [16], which employs depthwise sepa-
rable convolutions to drastically reduce param-
eters and FLOPs (floating point operations) with 
minimal accuracy loss. ShuffleNet [17] further 
improved efficiency through channel shuffle and 
group convolution operations. The next leap was 
the use of neural architecture search (NAS) to 
automatically design hardware-optimized archi-
tectures, producing models such as FBNet [18] 
and TinyNet [19], which achieve an excellent 
balance between accuracy and latency on target 
devices. In parallel, architectures based on dense 

connectivity and dynamic routing, such as Con-
denseNet [20], have reduced redundant com-
putations. This study contributes to this line of 
research by providing a systematic comparison of 
state-of-the-art lightweight architectures for ther-
mal classification, offering a valuable benchmark 
for the research community.

Ensemble methods, which combine predic-
tions from multiple (homogeneous or heteroge-
neous) models, are a proven strategy for improv-
ing accuracy, robustness, and generalization of 
learning systems. Fundamental techniques such 
as bagging (e.g., random forests) [21] and boost-
ing (e.g., XGBoost) [22] have been success-
fully adapted to deep learning. In the context 
of deep neural networks, deep ensembles [23] 
train multiple models from different initializa-
tions and aggregate their predictions via simple 
averaging. This method, though conceptually 
simple, is highly effective and improves model 
uncertainty calibration. Other strategies include 
Snapshot Ensembling [24] and Stochastic Weight 
Averaging (SWA) [25], which produce diverse 
model sets within a single training process. How-
ever, most standard ensemble methods treat all 
base models equally (e.g., majority voting) or 
assign static weights (e.g., weighted averaging) 
based solely on global validation accuracy. Such 
approaches ignore a critical fact: a model’s pre-
diction confidence can vary significantly per indi-
vidual sample. A globally strong model may be 
uncertain for a particular input, while a weaker 
model may produce a highly confident and accu-
rate prediction for the same instance. This fun-
damental limitation of both traditional and some 
modern ensemble methods motivates the author’s 
proposed approach, which specifically address-
es sample-level prediction uncertainty through 
dynamic, confidence-aware weighting. However, 
many advanced ensemble and calibration tech-
niques, such as Bayesian deep ensembles [23] or 
those utilizing Monte Carlo dropout, come with 
a significantly higher computational cost during 
both training and inference. This makes them less 
suitable for building efficient ensembles from 
multiple, already lightweight CNN models – the 
primary focus of our work. The proposed method 
addresses the core limitation of static weighting 
in a computationally efficient manner, dynamical-
ly adjusting model influence based on per-sample 
prediction confidence without the prohibitive cost 
of full Bayesian inference.
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Fuzzy logic [26] provides a mathematical 
framework for modeling uncertainty and impre-
cision inherent to real-world systems. Its strength 
lies in representing approximate, linguistic rea-
soning using concepts such as fuzzy sets and 
membership functions. In machine learning, fuzzy 
logic has been applied to adaptive neuro-fuzzy 
inference systems (ANFIS) [27], which combine 
learning ability with interpretability, to prediction 
uncertainty modeling and ensemble weighting 
[28], and to aggregation of outputs using expert-
derived if–then rules [29]. Studies such as [28] 
show that sample-level fuzzy ensemble weighting 
based on confidence can outperform traditional 
static methods. However, the combination of non-
linear Gompertz function-based initial weighting 
with an adaptive fuzzy system for dynamically 
adjusting per-sample model weights – applied 
to lightweight CNN ensembles for thermal clas-
sification – represents an unexplored research gap 
that this work aims to fill.

MATERIALS AND METHODS

Within the research project “Recognition of 
Human Stress Using Thermographic Imaging and 
Neural Networks” approved by the Ethics Com-
mittee No. 4/2024 dated February 19, 2024, a 
classification study was conducted with the fol-
lowing assumptions:
	• utilization of thermal images from the Com-

prehensive Facial Thermal Dataset [30] for 
stress classification,

	• application of lightweight convolutional 
neural networks: MobileNetV3, TinyNet-
E, FBNetV3, CondenseNetV2, NanoNet, 
ShuffleNetV2,

	• conducting a two-stage experimental study: 
multiclass stress classification using images 
with a single thermal palette and mixed ther-
mal palettes, aiming to analyze the impact of 
thermal palette consistency on classification 
accuracy,

	• implementation of a hybrid ensemble learning 
approach combining the Gompertz function 
and fuzzy logic, with comparison of results 
against other ensemble methods.

Comprehensive facial thermal dataset

Comprehensive facial thermal dataset 
(CFTD) is a relatively new database created in 

2024 [30]. It consists of 2,250 thermal images 
captured using a UNI-T UTi165A camera during 
recordings related to emotions. For each subject, 
225 facial recognition images and 450 emotion-
specific images were obtained. The emotions 
included: happy, sad, angry, neutral, and  sur-
prise. Images were recorded under various con-
ditions, with different thermal palettes (iron, 
rainbow, iceblue, white hot), angles of photog-
raphy, and zoom levels. As noted by the authors 
of the CFTD, the dataset has broad applications 
in fields such as security, healthcare, and human-
computer interaction. Considering the structure 
of this dataset, the present study reclassified the 
original emotion classes into three stress levels: 
no stress (NS), low stress (LS), and high stress 
(HS). Based on established psychophysiologi-
cal literature, the original emotion classes were 
remapped into three stress levels: no stress (NS), 
low stress (LS), and high stress (HS). The map-
ping was defined as follows: no stress – neutral 
and happy; low stress – sad; high stress – angry 
and surprise. This schema is supported by stud-
ies such as [31], which found that anger and sur-
prise are associated with significant cardiovascu-
lar stress responses characteristic of high arous-
al. Furthermore, the ‘sad’ emotion, categorized 
here as low stress, is often linked to withdrawal-
related physiological patterns distinct from the 
high-arousal fight-or-flight response [32, 33]. 
While we acknowledge that emotion-stress map-
ping is complex and can be context-dependent, 
the chosen scheme provides a pragmatic and 
psychophysiologically-grounded framework 
for this initial computational study, aligning 
with established literature [34, 35]. Experiments 
were conducted in two variants: using a single 
thermal palette (iron, 300 images) and mixed 
thermal palettes (1.200 images). Class balancing 
was ensured. The choice of the Iron palette for 
the first stage of the study was dictated by key 
scientific and technical factors. The Iron palette 
provides better contrast, minimizes artifacts, and 
is considered a medical standard – it is recom-
mended for facial thermographic analysis due to 
its linear perceptual response (L* of Lab color 
space) and compatibility with skin segmenta-
tion algorithms. Most affective thermography 
studies use this palette as a baseline, allowing 
direct comparisons. Geometric transformations 
do not produce color artifacts in this palette. 
The selection of this palette represents a com-
promise between sensitivity, specificity, and 
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repeatability. Due to the relatively small size of 
the CFTD, 5-fold cross-validation was applied 
with splits into training (60%), validation (20%), 
and testing (20%) sets. Given the scale of the 
CFTD dataset, a primary concern is the risk of 
overfitting. To ensure robust generalization and 
model evaluation, the author implemented a 
comprehensive strategy:
1.	Subject-independent cross-validation – a 5-fold 

cross-validation scheme was strictly enforced, 
where all images from a single subject were 
confined to either the training, validation, or 
test set within a single fold. This prevents data 
leakage and ensures a more realistic estimate 
of generalization to new, unseen individuals. 

2.	Extensive data augmentation –  as detailed in 
the ‘CNNs model’ subsection, both geometric 
and thermal transformations were applied. 

3.	Transfer learning & regularization –  the two-
phase transfer learning approach (feature ex-
traction + fine-tuning) leveraging pre-trained 
weights, coupled with the use of the AdamW 
optimizer (weight decay = 1e-4), provided 
strong regularization. 

Figure 1 presents sample images of various 
emotions from the CFTD across all thermal palettes.

CNNs model

The study utilized six lightweight convo-
lutional neural network (CNN) architectures: 
MobileNetV3-Lite, TinyNet-E, FBNetV3, Con-
denseNetV2, NanoNet, and ShuffleNetV2 – all 
specifically designed for computational effi-
ciency. These models typically feature param-
eter counts of 1.5–2.5 million and computational 
requirements below 0.15 GFLOPs for 224 × 224 
input resolution [36–42], making them suitable 

for real-time applications and embedded systems. 
Their lightweight nature was a key selection cri-
terion, ensuring the practical applicability of the 
author’s stress classification system. The selection 
of these models was driven by the requirement 
for computational efficiency while maintaining 
the capability to extract relevant thermographic 
features. The training process was conducted 
with the following parameter settings: AdamW 
optimizer with a weight decay of 1e-4, batch size 
of 32, two-phase transfer learning consisting of 
50 epochs for the feature extraction phase and 50 
epochs for the fine-tuning phase, learning rates of 
0.001 and 0.0001 for the first and second phases 
respectively, cosine annealing schedule, Cros-
sEntropyLoss as the loss function, and data aug-
mentation including geometric transformations 
(random horizontal flip, rotation, random crop, 
zoom) and thermal transformations (Gaussian 
noise, contrast adjustment). The study preserved 
the original colors of the thermal palettes but 
applied additional preprocessing to ensure com-
parability of results. Specifically, for the Iron pal-
ette, original pixel values (RAW) were retained; 
for the Rainbow palette, images were converted 
to grayscale and normalized to the [0,1] range 
to reduce color artifacts; for the White Hot pal-
ette, the luminance channel (Y from YCbCr) was 
extracted; and for the Iceblue palette, conver-
sion to Lab color space was performed and the L 
channel was used. For fine-tuning, a strategy of 
unfreezing the last 20% of layers (counted in full 
residual blocks) in each network was adopted. 
This percentage-based unfreezing accounts for 
varying architecture depths, ensuring comparable 
levels of fine-tuning. To guarantee comparability 
of results, a consistent scheme for modifying the 
original architectures was applied by replacing 

Figure 1. Sample thermal images from the comprehensive facial thermal dataset – from left to right:
happy emotion – Iceblue palette, sad emotion – Iron palette, angry emotion – Rainbow palette,

neutral emotion – White Hot palette
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the original classification layers with a classifier 
structured as follows: a Flatten layer, a Dense 
layer with 256 units and ReLU activation, and 
an output Dense layer with softmax activation. 
Standardizing the classifier eliminates the influ-
ence of differences in the original output layers on 
performance. The classifier structure was experi-
mentally selected as optimal between efficiency 
and accuracy. All machine learning computa-
tions were performed on an Intel Core i7-10700K 
CPU with an NVIDIA GeForce RTX 3070 GPU 
and Intel UHD Graphics 630. The programming 
language used was Python 3.10. Frameworks 
included TensorFlow 2.10, PyTorch 2.0+cu118, 
and Keras 3.9.1.

The six lightweight CNN architectures select-
ed for this study represent the state-of-the-art in 
efficient deep learning, each employing unique 
strategies for balancing accuracy and compu-
tational cost.  MobileNetV3-Lite  [37] utilizes 
neural architecture search (NAS) to optimize 
mobile performance.  TinyNet-E  [38] applies 
a compound scaling approach to achieve high 
efficiency. FBNetV3 [39] jointly optimizes both 
architecture and training recipes via NAS. Con-
denseNetV2 [40] introduces sparse feature reacti-
vation for enhanced feature reuse. NanoNet [41] 
employs an encoder-decoder structure tailored 
for medical imaging.  ShuffleNetV2  [42] uses 
channel shuffle operations for efficient inter-
channel communication. The literature also 
reports improvements, such as AugShuffleNet 
[43]. Detailed architectural descriptions of each 
model are provided in the Supplementary Mate-
rial. Their computational characteristics are sum-
marized in Table 1, confirming that all models 
operate with low parameter counts (1.8–2.4 M) 
and computational complexity (<0.22 GFLOPs), 
enabling real-time inference on embedded sys-
tems. The values in Table 1 are based on standard 
benchmarks from original publications [37–43] 
and empirical measurements on the author’s 
setup (NVIDIA GeForce RTX 3070, PyTorch 
2.0). FLOPs were calculated using the ‘thop’ 
library, while inference time was averaged over 
100 forward passes.

Proposed CNN ensemble model

Ensemble learning represents an advanced 
approach in machine learning, involving the 
integration of predictions from multiple models 
to achieve improvements in both classification 

accuracy metrics and the stability of the deci-
sion system. In the context of medical applica-
tions, where input data often exhibit significant 
heterogeneity (e.g., variability in thermographic 
measurements between patients), the following 
aggregation methods are particularly popular:
	• majority voting – the simplest ensemble 

method involves each model casting a vote 
for a single class, with the final result being 
the class that receives the majority of votes. 
Types of majority voting include hard vot-
ing and soft voting. The advantages of this 
approach are its simplicity, speed, and the 
stabilization of weaker models’ performance. 
However, a drawback is that all models are 
treated equally, regardless of their quality. 
Therefore, majority voting is best used with 
models of similar performance. The mathe-
matical formula is as follows: 

	 𝑦̂𝑦  =  𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚{𝑓𝑓1(𝑥𝑥), 𝑓𝑓2(𝑥𝑥), … , 𝑓𝑓𝑛𝑛(𝑥𝑥)}  

 

𝑝̂𝑝(𝑦𝑦|𝑥𝑥) = ∑ 𝑤𝑤𝑖𝑖𝑝𝑝𝑖𝑖(𝑦𝑦|𝑥𝑥),
𝑁𝑁

𝑖𝑖=1
 

 𝑤𝑤𝑖𝑖 = 𝑎𝑎𝑎𝑎𝑎𝑎𝑖𝑖
∑ 𝑎𝑎𝑎𝑎𝑎𝑎𝑗𝑗

𝑁𝑁
𝑗𝑗=1

 

 

 

𝑤𝑤𝑖𝑖
𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 = 𝑎𝑎 ∙ 

∙ exp (−𝑏𝑏 ∙ exp(−𝑐𝑐 ∙ 𝑥𝑥𝑖𝑖)) + 𝑑𝑑 
 

 

𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑖𝑖 = 1 − 𝐻𝐻(𝑝𝑝𝑖𝑖)
log(𝐾𝐾) , 𝐻𝐻(𝑝𝑝𝑖𝑖) = 

= − ∑ 𝑝𝑝𝑖𝑖(𝑦𝑦𝑘𝑘|𝑥𝑥)𝑙𝑙𝑙𝑙𝑙𝑙 𝑝𝑝𝑖𝑖(𝑦𝑦𝑘𝑘|𝑥𝑥)
𝐾𝐾

𝑘𝑘=1
 

 

 

𝑤𝑤𝑖𝑖 = 𝑤𝑤𝑖𝑖
𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 ∙ 𝜇𝜇𝐴𝐴(𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑖𝑖) 

 

 

𝜇𝜇𝐴𝐴(𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐) = {
 1 𝑓𝑓𝑓𝑓𝑓𝑓 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 >  0.7 

𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 − 0.4
0.3  𝑓𝑓𝑓𝑓𝑓𝑓 0.4 ≤  𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 ≤

0.1 𝑓𝑓𝑓𝑓𝑓𝑓 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 ≤  0.4
 0.7  

 

 

𝑝̂𝑝(𝑦𝑦|𝑥𝑥) = 1
𝑍𝑍 ∑ 𝑤𝑤𝑖𝑖𝑝𝑝𝑖𝑖(𝑦𝑦|𝑥𝑥)

𝑁𝑁

𝑖𝑖=1
, 

 𝑍𝑍 = ∑ 𝑤𝑤𝑖𝑖

𝑁𝑁

𝑖𝑖=1
 

 

 

 

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 =  𝑇𝑇𝑇𝑇 +  𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 +  𝑇𝑇𝑇𝑇 +  𝐹𝐹𝐹𝐹 +  𝐹𝐹𝐹𝐹 

	 (1)

where:	 fi(x) denotes the prediction of the i-th 
model.

	• weighted averaging – each model assigns 
probabilities to classes, and the final result is 
the weighted average of these probabilities, 
where each model has its own weight. Thus, 
better-performing models can have a greater 
influence; however, appropriate weights must 
be determined (e.g., based on accuracy). This 
approach, however, does not account for 
nonlinear relationships between model per-
formance and the optimal contribution to the 
ensemble. The mathematical expression for 
this method is:

	

𝑦̂𝑦  =  𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚{𝑓𝑓1(𝑥𝑥), 𝑓𝑓2(𝑥𝑥), … , 𝑓𝑓𝑛𝑛(𝑥𝑥)}  

 

𝑝̂𝑝(𝑦𝑦|𝑥𝑥) = ∑ 𝑤𝑤𝑖𝑖𝑝𝑝𝑖𝑖(𝑦𝑦|𝑥𝑥),
𝑁𝑁

𝑖𝑖=1
 

 𝑤𝑤𝑖𝑖 = 𝑎𝑎𝑎𝑎𝑎𝑎𝑖𝑖
∑ 𝑎𝑎𝑎𝑎𝑎𝑎𝑗𝑗

𝑁𝑁
𝑗𝑗=1

 

 

 

𝑤𝑤𝑖𝑖
𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 = 𝑎𝑎 ∙ 

∙ exp (−𝑏𝑏 ∙ exp(−𝑐𝑐 ∙ 𝑥𝑥𝑖𝑖)) + 𝑑𝑑 
 

 

𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑖𝑖 = 1 − 𝐻𝐻(𝑝𝑝𝑖𝑖)
log(𝐾𝐾) , 𝐻𝐻(𝑝𝑝𝑖𝑖) = 

= − ∑ 𝑝𝑝𝑖𝑖(𝑦𝑦𝑘𝑘|𝑥𝑥)𝑙𝑙𝑙𝑙𝑙𝑙 𝑝𝑝𝑖𝑖(𝑦𝑦𝑘𝑘|𝑥𝑥)
𝐾𝐾

𝑘𝑘=1
 

 

 

𝑤𝑤𝑖𝑖 = 𝑤𝑤𝑖𝑖
𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 ∙ 𝜇𝜇𝐴𝐴(𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑖𝑖) 

 

 

𝜇𝜇𝐴𝐴(𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐) = {
 1 𝑓𝑓𝑓𝑓𝑓𝑓 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 >  0.7 

𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 − 0.4
0.3  𝑓𝑓𝑓𝑓𝑓𝑓 0.4 ≤  𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 ≤

0.1 𝑓𝑓𝑓𝑓𝑓𝑓 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 ≤  0.4
 0.7  

 

 

𝑝̂𝑝(𝑦𝑦|𝑥𝑥) = 1
𝑍𝑍 ∑ 𝑤𝑤𝑖𝑖𝑝𝑝𝑖𝑖(𝑦𝑦|𝑥𝑥)

𝑁𝑁

𝑖𝑖=1
, 

 𝑍𝑍 = ∑ 𝑤𝑤𝑖𝑖

𝑁𝑁

𝑖𝑖=1
 

 

 

 

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 =  𝑇𝑇𝑇𝑇 +  𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 +  𝑇𝑇𝑇𝑇 +  𝐹𝐹𝐹𝐹 +  𝐹𝐹𝐹𝐹 

	 (2)

where:	wi is the weight proportional to the valida-
tion accuracy. 

	• stacking – a more advanced ensemble method 
used when the goal is to maximize perfor-
mance involves training a new model, known 
as a meta-model, which combines the out-
puts of other models instead of making deci-
sions through simple aggregation. This allows 
stacking to be flexible and capable of captur-
ing complex relationships between models. 
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However, its implementation is more challeng-
ing and requires more data. The meta-model 
often needs additional training and may lead 
to overfitting, especially on small datasets. 

The key methodological innovation of this 
work was the development of a hybrid ensemble 
learning system, combining nonlinear Gompertz 
weighting with adaptive fuzzy logic. The predic-
tion aggregation process consisted of three stages: 

	• nonlinear Gompertz weighting 
The Gompertz function, adapter for scaling 

model weights, is defined as:

	

𝑦̂𝑦  =  𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚{𝑓𝑓1(𝑥𝑥), 𝑓𝑓2(𝑥𝑥), … , 𝑓𝑓𝑛𝑛(𝑥𝑥)}  

 

𝑝̂𝑝(𝑦𝑦|𝑥𝑥) = ∑ 𝑤𝑤𝑖𝑖𝑝𝑝𝑖𝑖(𝑦𝑦|𝑥𝑥),
𝑁𝑁

𝑖𝑖=1
 

 𝑤𝑤𝑖𝑖 = 𝑎𝑎𝑎𝑎𝑎𝑎𝑖𝑖
∑ 𝑎𝑎𝑎𝑎𝑎𝑎𝑗𝑗

𝑁𝑁
𝑗𝑗=1

 

 

 

𝑤𝑤𝑖𝑖
𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 = 𝑎𝑎 ∙ 

∙ exp (−𝑏𝑏 ∙ exp(−𝑐𝑐 ∙ 𝑥𝑥𝑖𝑖)) + 𝑑𝑑 
 

 

𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑖𝑖 = 1 − 𝐻𝐻(𝑝𝑝𝑖𝑖)
log(𝐾𝐾) , 𝐻𝐻(𝑝𝑝𝑖𝑖) = 

= − ∑ 𝑝𝑝𝑖𝑖(𝑦𝑦𝑘𝑘|𝑥𝑥)𝑙𝑙𝑙𝑙𝑙𝑙 𝑝𝑝𝑖𝑖(𝑦𝑦𝑘𝑘|𝑥𝑥)
𝐾𝐾

𝑘𝑘=1
 

 

 

𝑤𝑤𝑖𝑖 = 𝑤𝑤𝑖𝑖
𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 ∙ 𝜇𝜇𝐴𝐴(𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑖𝑖) 

 

 

𝜇𝜇𝐴𝐴(𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐) = {
 1 𝑓𝑓𝑓𝑓𝑓𝑓 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 >  0.7 

𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 − 0.4
0.3  𝑓𝑓𝑓𝑓𝑓𝑓 0.4 ≤  𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 ≤

0.1 𝑓𝑓𝑓𝑓𝑓𝑓 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 ≤  0.4
 0.7  

 

 

𝑝̂𝑝(𝑦𝑦|𝑥𝑥) = 1
𝑍𝑍 ∑ 𝑤𝑤𝑖𝑖𝑝𝑝𝑖𝑖(𝑦𝑦|𝑥𝑥)

𝑁𝑁

𝑖𝑖=1
, 

 𝑍𝑍 = ∑ 𝑤𝑤𝑖𝑖

𝑁𝑁

𝑖𝑖=1
 

 

 

 

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 =  𝑇𝑇𝑇𝑇 +  𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 +  𝑇𝑇𝑇𝑇 +  𝐹𝐹𝐹𝐹 +  𝐹𝐹𝐹𝐹 

	 (3)

where:	xi is the validation accuracy of the i-th 
model. 

The parameters (a=0.7, b=2.5, c=0.8, d=0.3) 
were selected via an extensive grid search optimi-
zation process aimed at maximizing the ensem-
ble’s accuracy on the validation set. The search 
space was defined to find a sigmoidal Gompertz 
curve that effectively differentiates model per-
formance. The chosen parameters yield a curve 
with a steep transition region between 70% and 
75% validation accuracy. This shape aggressive-
ly amplifies the influence of higher-performing 
models (accuracy >75%), while significantly sup-
pressing the contribution of weaker models (accu-
racy <70%), thus acting as a performance-based 
filter. This non-linear weighting is a key advan-
tage over linear averaging, as it more robustly 
mitigates the negative impact of poorly perform-
ing ensemble members.

	• dynamic weight adjustment based on fuzzy 
confidence assessment 
For each prediction, a confidence value 

confi ∈ [0, 1] is calculated based on the prob-
ability distribution:

	

𝑦̂𝑦  =  𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚{𝑓𝑓1(𝑥𝑥), 𝑓𝑓2(𝑥𝑥), … , 𝑓𝑓𝑛𝑛(𝑥𝑥)}  

 

𝑝̂𝑝(𝑦𝑦|𝑥𝑥) = ∑ 𝑤𝑤𝑖𝑖𝑝𝑝𝑖𝑖(𝑦𝑦|𝑥𝑥),
𝑁𝑁

𝑖𝑖=1
 

 𝑤𝑤𝑖𝑖 = 𝑎𝑎𝑎𝑎𝑎𝑎𝑖𝑖
∑ 𝑎𝑎𝑎𝑎𝑎𝑎𝑗𝑗

𝑁𝑁
𝑗𝑗=1

 

 

 

𝑤𝑤𝑖𝑖
𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 = 𝑎𝑎 ∙ 

∙ exp (−𝑏𝑏 ∙ exp(−𝑐𝑐 ∙ 𝑥𝑥𝑖𝑖)) + 𝑑𝑑 
 

 

𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑖𝑖 = 1 − 𝐻𝐻(𝑝𝑝𝑖𝑖)
log(𝐾𝐾) , 𝐻𝐻(𝑝𝑝𝑖𝑖) = 

= − ∑ 𝑝𝑝𝑖𝑖(𝑦𝑦𝑘𝑘|𝑥𝑥)𝑙𝑙𝑙𝑙𝑙𝑙 𝑝𝑝𝑖𝑖(𝑦𝑦𝑘𝑘|𝑥𝑥)
𝐾𝐾

𝑘𝑘=1
 

 

 

𝑤𝑤𝑖𝑖 = 𝑤𝑤𝑖𝑖
𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 ∙ 𝜇𝜇𝐴𝐴(𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑖𝑖) 

 

 

𝜇𝜇𝐴𝐴(𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐) = {
 1 𝑓𝑓𝑓𝑓𝑓𝑓 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 >  0.7 

𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 − 0.4
0.3  𝑓𝑓𝑓𝑓𝑓𝑓 0.4 ≤  𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 ≤

0.1 𝑓𝑓𝑓𝑓𝑓𝑓 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 ≤  0.4
 0.7  

 

 

𝑝̂𝑝(𝑦𝑦|𝑥𝑥) = 1
𝑍𝑍 ∑ 𝑤𝑤𝑖𝑖𝑝𝑝𝑖𝑖(𝑦𝑦|𝑥𝑥)

𝑁𝑁

𝑖𝑖=1
, 

 𝑍𝑍 = ∑ 𝑤𝑤𝑖𝑖

𝑁𝑁

𝑖𝑖=1
 

 

 

 

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 =  𝑇𝑇𝑇𝑇 +  𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 +  𝑇𝑇𝑇𝑇 +  𝐹𝐹𝐹𝐹 +  𝐹𝐹𝐹𝐹 

	 (4)

where:	K = 3 is the number of classes. The final 
model weight is calculated as:

	

𝑦̂𝑦  =  𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚{𝑓𝑓1(𝑥𝑥), 𝑓𝑓2(𝑥𝑥), … , 𝑓𝑓𝑛𝑛(𝑥𝑥)}  

 

𝑝̂𝑝(𝑦𝑦|𝑥𝑥) = ∑ 𝑤𝑤𝑖𝑖𝑝𝑝𝑖𝑖(𝑦𝑦|𝑥𝑥),
𝑁𝑁

𝑖𝑖=1
 

 𝑤𝑤𝑖𝑖 = 𝑎𝑎𝑎𝑎𝑎𝑎𝑖𝑖
∑ 𝑎𝑎𝑎𝑎𝑎𝑎𝑗𝑗

𝑁𝑁
𝑗𝑗=1

 

 

 

𝑤𝑤𝑖𝑖
𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 = 𝑎𝑎 ∙ 

∙ exp (−𝑏𝑏 ∙ exp(−𝑐𝑐 ∙ 𝑥𝑥𝑖𝑖)) + 𝑑𝑑 
 

 

𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑖𝑖 = 1 − 𝐻𝐻(𝑝𝑝𝑖𝑖)
log(𝐾𝐾) , 𝐻𝐻(𝑝𝑝𝑖𝑖) = 

= − ∑ 𝑝𝑝𝑖𝑖(𝑦𝑦𝑘𝑘|𝑥𝑥)𝑙𝑙𝑙𝑙𝑙𝑙 𝑝𝑝𝑖𝑖(𝑦𝑦𝑘𝑘|𝑥𝑥)
𝐾𝐾

𝑘𝑘=1
 

 

 

𝑤𝑤𝑖𝑖 = 𝑤𝑤𝑖𝑖
𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 ∙ 𝜇𝜇𝐴𝐴(𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑖𝑖) 

 

 

𝜇𝜇𝐴𝐴(𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐) = {
 1 𝑓𝑓𝑓𝑓𝑓𝑓 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 >  0.7 

𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 − 0.4
0.3  𝑓𝑓𝑓𝑓𝑓𝑓 0.4 ≤  𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 ≤

0.1 𝑓𝑓𝑓𝑓𝑓𝑓 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 ≤  0.4
 0.7  

 

 

𝑝̂𝑝(𝑦𝑦|𝑥𝑥) = 1
𝑍𝑍 ∑ 𝑤𝑤𝑖𝑖𝑝𝑝𝑖𝑖(𝑦𝑦|𝑥𝑥)

𝑁𝑁

𝑖𝑖=1
, 

 𝑍𝑍 = ∑ 𝑤𝑤𝑖𝑖

𝑁𝑁

𝑖𝑖=1
 

 

 

 

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 =  𝑇𝑇𝑇𝑇 +  𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 +  𝑇𝑇𝑇𝑇 +  𝐹𝐹𝐹𝐹 +  𝐹𝐹𝐹𝐹 

	 (5)

The membership function mA for the fuzzy set 
„high confidence” is defined as:

	

𝑦̂𝑦  =  𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚{𝑓𝑓1(𝑥𝑥), 𝑓𝑓2(𝑥𝑥), … , 𝑓𝑓𝑛𝑛(𝑥𝑥)}  

 

𝑝̂𝑝(𝑦𝑦|𝑥𝑥) = ∑ 𝑤𝑤𝑖𝑖𝑝𝑝𝑖𝑖(𝑦𝑦|𝑥𝑥),
𝑁𝑁

𝑖𝑖=1
 

 𝑤𝑤𝑖𝑖 = 𝑎𝑎𝑎𝑎𝑎𝑎𝑖𝑖
∑ 𝑎𝑎𝑎𝑎𝑎𝑎𝑗𝑗

𝑁𝑁
𝑗𝑗=1

 

 

 

𝑤𝑤𝑖𝑖
𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 = 𝑎𝑎 ∙ 

∙ exp (−𝑏𝑏 ∙ exp(−𝑐𝑐 ∙ 𝑥𝑥𝑖𝑖)) + 𝑑𝑑 
 

 

𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑖𝑖 = 1 − 𝐻𝐻(𝑝𝑝𝑖𝑖)
log(𝐾𝐾) , 𝐻𝐻(𝑝𝑝𝑖𝑖) = 

= − ∑ 𝑝𝑝𝑖𝑖(𝑦𝑦𝑘𝑘|𝑥𝑥)𝑙𝑙𝑙𝑙𝑙𝑙 𝑝𝑝𝑖𝑖(𝑦𝑦𝑘𝑘|𝑥𝑥)
𝐾𝐾

𝑘𝑘=1
 

 

 

𝑤𝑤𝑖𝑖 = 𝑤𝑤𝑖𝑖
𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 ∙ 𝜇𝜇𝐴𝐴(𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑖𝑖) 

 

 

𝜇𝜇𝐴𝐴(𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐) = {
 1 𝑓𝑓𝑓𝑓𝑓𝑓 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 >  0.7 

𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 − 0.4
0.3  𝑓𝑓𝑓𝑓𝑓𝑓 0.4 ≤  𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 ≤

0.1 𝑓𝑓𝑓𝑓𝑓𝑓 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 ≤  0.4
 0.7  

 

 

𝑝̂𝑝(𝑦𝑦|𝑥𝑥) = 1
𝑍𝑍 ∑ 𝑤𝑤𝑖𝑖𝑝𝑝𝑖𝑖(𝑦𝑦|𝑥𝑥)

𝑁𝑁

𝑖𝑖=1
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	(6)

This function implements a simple, interpre-
table rule: if the confidence confi is high (>0.7), 
the model’s Gompertz weight is fully retained. If 
confidence is moderate (between 0.4 and 0.7), the 
weight is linearly scaled down. Finally, if confi-
dence is low (<0.4), the model’s influence is min-
imized (mA=0.1), though not entirely removed 
to preserve a chance of correct prediction. This 
provides a smooth, adaptive mechanism to reduce 
the impact of uncertain models on a per-sample 
basis, improving the system’s robustness against 
difficult-to-classify cases. 

	• final Fusion using fuzzy rules
The ensemble prediction is computed as a 

weighted combination:
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𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑖𝑖 = 1 − 𝐻𝐻(𝑝𝑝𝑖𝑖)
log(𝐾𝐾) , 𝐻𝐻(𝑝𝑝𝑖𝑖) = 

= − ∑ 𝑝𝑝𝑖𝑖(𝑦𝑦𝑘𝑘|𝑥𝑥)𝑙𝑙𝑙𝑙𝑙𝑙 𝑝𝑝𝑖𝑖(𝑦𝑦𝑘𝑘|𝑥𝑥)
𝐾𝐾

𝑘𝑘=1
 

 

 

𝑤𝑤𝑖𝑖 = 𝑤𝑤𝑖𝑖
𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 ∙ 𝜇𝜇𝐴𝐴(𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑖𝑖) 
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𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 − 0.4
0.3  𝑓𝑓𝑓𝑓𝑓𝑓 0.4 ≤  𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 ≤

0.1 𝑓𝑓𝑓𝑓𝑓𝑓 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 ≤  0.4
 0.7  
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	 (7)

where each CNN model generates a probabil-
ity distribution pi(y|x), and the final result is 

Table 1. Computational characteristics of the lightweight CNN architectures

Model Parameters (M) FLOPs (G) Inference time (ms)

MobileNetV3-Lite 2.4 0.22 8.1

TinyNet-E 2.1 0.19 7.6

FBNetV3 2.3 0.21 8.0

CondenseNetV2 2.0 0.18 7.4

NanoNet 1.8 0.16 6.9

ShuffleNetV2 1.9 0.17 7.2
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a weighted average of these predictions, with 
weights dynamically adjusted based on the 
model’s quality (Gompertz function) and the 
confidence of the specific prediction (fuzzy 
logic). This approach enables flexible integration 
of results from multiple models with varying 
strengths and reliabilities

The advantages of the proposed approach 
include adaptability, robustness to borderline 
cases, and computational efficiency. Adaptabil-
ity is expressed through the dynamic reduction 
of the influence of models with low confidence 
(e.g., when confi > 0.4, the weight decreases to 
10% of its initial value). In terms of robustness, 
for samples with high entropy (difficult to clas-
sify), the system automatically favors models 
with higher prediction consistency. The opera-
tional cost amounts to only O(N×K) multiplica-
tions for N models and K classes. In the author’s 
implementation (N=6, K=3), the aggregation 
time was negligible compared to the forward pass 
of the CNNs, adding less than 3ms of overhead 
per sample, thus validating the efficiency claim 
for real-time applications. 

Model evaluation 

The evaluation process was based on 5-fold 
cross-validation. For each split, basic model 
quality metrics (classification reports) were cal-
culated, and confusion matrices were generated 
for each individual model. Additionally, four 
ensemble methods were compared: majority vot-
ing, weighted average, Gompertz weighting, and 
a hybrid of Gompertz weighting with fuzzy logic. 
Furthermore, a statistical analysis was performed, 
which included: ANOVA with Tukey’s post-hoc 
test for differences between models, and McNe-
mar’s test assessing error reduction after intro-
ducing fuzzy logic.

The confusion matrix was generated for 
each model as a 3 × 3 table (for 3 classes), 
where rows represent the true classes and col-
umns represent the model’s predictions. Each 
cell shows how many samples from class i were 
classified into class j. Important values include: 
TP (true positive) – correct classifications where 
the model predicted the positive class (diago-
nal of the matrix), TN (true negative) – cor-
rect predictions of the negative class, FN (false 
negative) – incorrect underestimation where the 
model failed to detect the positive class (e.g., 
high stress classified as low stress), FP (false 

positive) – incorrect overestimation where the 
model wrongly assigned the positive class (e.g., 
no stress classified as high stress). The values in 
the matrices represent the sum across all folds of 
the cross-validation. 

The model quality evaluation metrics used in 
the study are: 
	• Accuracy – the proportion of correctly classi-

fied cases to all samples.
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	• Precision – measured of the agreement between 
positive predictions and actual values. 

	 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 =  𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 +  𝐹𝐹𝐹𝐹 

 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 =  𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 +  𝐹𝐹𝐹𝐹 

 

𝐹𝐹1 =  2 × 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 ×  𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 +  𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 

 

 

	 (9)

	• Recall – the model’s ability to detect all posi-
tive cases. 

	

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 =  𝑇𝑇𝑇𝑇
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𝑇𝑇𝑇𝑇 +  𝐹𝐹𝐹𝐹 

 

𝐹𝐹1 =  2 × 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 ×  𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 +  𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 

 

 

	 (10)

	• F1-score – the harmonic mean of precision 
and recall. 

	

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 =  𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 +  𝐹𝐹𝐹𝐹 

 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 =  𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 +  𝐹𝐹𝐹𝐹 

 

𝐹𝐹1 =  2 × 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 ×  𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 +  𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 

 

 

	 (11)

Table 2 presents a comparison of the ensem-
ble methods used in this study. As can be seen, 
despite increased computational complexity, the 
proposed approach achieves the highest accu-
racy, which was confirmed by the experiments 
described in the next chapter.

EXPERIMENTS AND RESULTS

Tables 3–6 present the evaluation metric 
results for multiclass classification models in both 
study variants – using a single thermal palette as 
well as mixed thermal palettes. Figures 2–3 pres-
ent the graphical confusion matrices of the models 
for both variants of the study. 

Tables 7–8 present the classification report 
results for the ensemble methods – both on the sin-
gle thermal pallete and on mixed palettes. Figure 
4 shows the confusion matrices for the ensemble 
methods on the single palette, while Figure 5 shows 
the confusion matrices for the mixed palettes. 

For verification of the classification results, a 
statistical analysis was conducted, including:
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	• Student’s paired t-test (comparison of accu-
racy between palettes) – to verify if there is 
a significant difference in accuracy between 
models tested on the single palette and mixed 
palette datasets.

	• Two-way ANOVA with replication – to analyze 
the effect of the model type, the palette type, 
and their interaction. Additionally, Tukey’s 
HSD post-hoc test was applied to identify 
pairs of models that differ significantly.

	• McNemar’s test for fuzzy logic — to assess 
whether the fuzzy logic significantly reduces 
the number of misclassifications.

Student’s paired t-test (comparison of model 
accuracy between two palettes)

To statistically verify the significance of differ-
ences in CNN classification performance between 
the single palette and mixed palette datasets, a 

Table 2. Summary of the advantages and disadvantages of the individual ensemble methods

Methods Advantages Disadvantages

Majority Voting Fast, simple to implement Sensitive to models with similar accuracy

Weighted Average Take into account varying model quality Linear weighting is not optimal for imbalanced data

Gompertz Better adaptation for nonlinear relationships Requires calibration of parameters (a,b,c)

Gompertz Fuzzy Highest accuracy, noise robustness Increased computational complexity

Table 3. Summary of performance metrics for multi-class stress classification using a single thermal palette

Model State Precision Recall F1-score Accuracy±SD

MobileNetV3-Lite

NS 0.81 0.80 0.80

80.1% ± 1.1%LS 0.76 0.75 0.75

HS 0.79 0.78 0.78

FBNetV3

NS 0.77 0.76 0.76

77.1% ± 1.2%LS 0.71 0.70 0.70

HS 0.74 0.73 0.73

CondenseNetV2

NS 0.75 0.74 0.74

75.1% ± 1.5%LS 0.69 0.68 0.68

HS 0.72 0.71 0.71

NanoNet

NS 0.71 0.70 0.70

70.3% ± 2.1%LS 0.65 0.64 0.64

HS 0.67 0.66 0.66

TinyNet-E

NS 0.79 0.78 0.78

78.5% ± 1.3%LS 0.73 0.72 0.72

HS 0.76 0.75 0.75

ShuffleNetV2

NS 0.70 0.69 0.69

68.1% ± 2.3%LS 0.65 0.64 0.64

HS 0.67 0.66 0.66

Table 4. Detailed accuracy results for each model from 5-fold cross-validation on the single thermal palette dataset

Model Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Accuracy ±SD

MobileNetV3-Lite 0.798 0.812 0.801 0.794 0.802 0.801 ±0.007

FBNetV3 0.772 0.781 0.769 0.763 0.768 0.771 ±0.007

CondenseNetV2 0.753 0.762 0.751 0.746 0.743 0.751 ±0.007

NanoNet 0.712 0.706 0.698 0.704 0.695 0.703 ±0.007

TinyNet-E 0.792 0.781 0.785 0.778 0.789 0.785 ±0.006

ShuffleNetV2 0.692 0.681 0.673 0.679 0.681 0.681 ±0.007
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paired Student’s t-test was conducted. The analy-
sis compared accuracies obtained through 5-fold 
cross-validation for the same models under two 
experimental conditions (single palette vs. mixed 
palette). The null hypothesis (H0) tested was that 
there is no difference between the mean accura-
cies (m_singlepalette = m_mixedpalette) against 
the alternative hypothesis (H1: m_singlepalette 
> m_mixedpalette). A 95% confidence interval 
was assumed. Table 9 summarizes the test results, 
which showed statistically significant higher 
accuracies for CNN models trained on the sin-
gle palette dataset (p<0.05). The strongest effect 
was observed for ShuffleNetV2 (+4.1%), while 
the smallest but still significant effect was for 
MobileNetV3 (+1.9%). These findings suggest 
that a consistent thermal representation signifi-
cantly improves classification performance, with 

the effect being particularly pronounced for less 
complex architectures (ShuffleNetV2 vs. Mobile-
NetV3). There is a consistent, statistically signifi-
cant decrease in accuracy when using the mixed 
palette dataset. 

ANOVA analysis

To assess the significance of differences 
between CNN models and the impact of the 
type of thermal dataset on classification accu-
racy, a two-way analysis of variance (ANOVA) 
with replications was performed. The analysis 
included two factors: model architecture (six 
levels – six CNN models) and type of thermal 
dataset (two levels: single palette and mixed pal-
ettes). The analysis was conducted on accuracies 
obtained from 5-fold cross-validation, resulting 

Table 5. Summary of performance metrics for multi-class stress classification using a mixed thermal palette

Model State Precision Recall F1-score Accuracy±SD

MobileNetV3-Lite

NS 0.79 0.77 0.78

78.2% ± 1.3%LS 0.75 0.72 0.73

HS 0.77 0.80 0.78

FBNetV3

NS 0.75 0.72 0.73

74.8% ± 2.0%LS 0.71 0.68 0.69

HS 0.73 0.78 0.75

CondenseNetV2

NS 0.73 0.69 0.71

72.1% ± 2.0%LS 0.69 0.65 0.67

HS 0.71 0.75 0.73

NanoNet

NS 0.69 0.65 0.67

67.9% ± 2.5%LS 0.65 0.61 0.63

HS 0.67 0.71 0.68

TinyNet-E

NS 0.77 0.74 0.75

76.2% ± 1.5%LS 0.73 0.70 0.71

HS 0.75 0.80 0.77

ShuffleNetV2

NS 0.66 0.62 0.64

64.0% ± 2.7%LS 0.63 0.58 0.60

HS 0.65 0.68 0.66

Table 6. Detailed accuracy results for each model from 5-fold cross-validation on the mixed thermal palette dataset

Model Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Mean ±SD

MobileNetV3-Lite 0.781 0.793 0.778 0.772 0.784 0.782 ± 0.008

FBNetV3 0.752 0.761 0.743 0.738 0.746 0.748 ± 0.009

CondenseNetV2 0.724 0.731 0.718 0.712 0.720 0.721 ± 0.008

NanoNet 0.688 0.682 0.671 0.679 0.675 0.679 ± 0.007

TinyNet-E 0.771 0.763 0.758 0.752 0.766 0.762 ± 0.007

ShuffleNetV2 0.651 0.638 0.627 0.642 0.643 0.640 ± 0.009
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Figure 2. Summary of confusion matrices for models in multiclass classification on the single thermal palette

Figure 3. Summary of confusion matrices for models in multiclass classification on the mixed thermal palette
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in a total of 60 observations (six models × 2 data-
sets × 5 folds). The normality assumption was 
verified using the Shapiro-Wilk test (W=0.982, 
p=0.412). The ANOVA results are summarized 
in Table 10. Results from Table 10 show a signif-
icant main effect of the model – accuracy differs 
significantly between models. The main effect 
of the dataset is also significant – classification 
on the single palette dataset yields better results 
than on the mixed palette. Regarding interaction, 
it was observed that the impact of the dataset 
type (single palette vs mixed palette) on accu-
racy depended on the model architecture (which 
was also confirmed earlier by the paired t-test). 
The ANOVA results confirm that both the choice 
of architecture and the consistency of thermal 
representation are crucial for the effectiveness of 
stress classification. 

As a post-hoc analysis following the signifi-
cant main effect found in the ANOVA, the Tukey 
HSD (honestly significant difference) test was 
applied. The goal was to identify which pairs of 
CNN architectures showed statistically signifi-
cant differences in classification accuracy across 
both experimental conditions. The test simultane-
ously compared all pairs of models. The results 
are summarized in Table 11, highlighting the top 
3 pairs with the largest accuracy differences and 
the bottom 2 pairs with the smallest differences as 
selection criteria. The Tukey HSD post-hoc anal-
ysis for both study variants revealed statistically 
significant differences in accuracy between the 
models (p < 0.05). The largest differences were 
observed between MobileNetV3-Lite a Shuffle-
NetV2 (single palette: Δ=0.119, d=2.79, p<0.001; 
mixed palette: Δ=0.137, d=3.01), indicating 

Table 7. Summary of classification report results for ensemble methods on the single thermal palette

Ensemble method State Precision Recall F1-score Accuracy

Majority voting

NS 0.83 0.82 0.83

82.1%LS 0.77 0.76 0.77

HS 0.80 0.79 0.80

Weighted average

NS 0.84 0.83 0.84

83.5%LS 0.79 0.78 0.79

HS 0.82 0.81 0.82

Gompertz Weighting

NS 0.84 0.83 0.84

83.1%LS 0.80 0.79 0.80

HS 0.83 0.82 0.83

Gompertz + Fuzzy Logic

NS 0.86 0.85 0.86

84.7%LS 0.82 0.81 0.82

HS 0.84 0.83 0.84

Table 8. Summary of classification report results for ensemble methods on the mixed thermal palette

Ensemble method State Precision Recall F1-score Accuracy

Majority voting

NS 0.81 0.79 0.80

80.2%LS 0.76 0.75 0.76

HS 0.79 0.80 0.79

Weighted average

NS 0.82 0.80 0.81

81.1%LS 0.77 0.76 0.77

HS 0.80 0.82 0.81

Gompertz Weighting

NS 0.82 0.80 0.81

81.3%LS 0.78 0.77 0.78

HS 0.80 0.81 0.81

Gompertz + Fuzzy Logic

NS 0.83 0.81 0.82

82.3%LS 0.79 0.79 0.79

HS 0.82 0.83 0.82
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Figure 4. Confusion matrix summary for ensemble methods on the single thermal palette

Figure 5. Confusion matrix summary for ensemble methods on the mixed thermal palettes
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a strong effect of architectural optimization – 
MobileNetV3, despite higher complexity (2.4 M 
vs 1.9 M parameters), employs attention mecha-
nisms (SE blocks), resulting in higher accuracy. 
For the mixed palette, the differences were even 
more pronounced (Δ increased by 15.1%), con-
firming MobileNetV3’s better adaptation to 
diverse thermal representations. The smallest dif-
ferences were observed between TinyNet-E and 
MobileNetV3 (single palette: Δ=0.017, p=0.301; 
mixed palette: Δ=0.023, p=0.097), as well as 
between FBNetV3 a CondenseNetV2 (single pal-
ette: Δ=0.017, p=0.134; mixed palette: Δ=0.026, 
p=0.021). These results confirm the superiority of 
architecture with advanced optimization mecha-
nisms (MobileNetV3) over simpler solutions 
(ShuffleNetV2) and are consistens with the previ-
ously conducted ANOVA analysis.

McNemar test

The McNemar test was applied to compare 
the number of misclassifications between two 
variants of the ensemble method: the Gompertz 
function alone (G) versus the Gompertz function 
combined with fuzzy logic (G+F). The analy-
sis was conducted independently for each study 
variant (single palette and mixed palette) and for 
each stress class, using data from 5-fold cross-
validation (a total of 600 test samples for the sin-
gle palette and 1500 for the mixed palette). The 
hypothesis tested was that the addition of fuzzy 
logic significantly reduces the number of errors. 

Results of the tests are summarized in Tables 
12–13. For the single palette, fuzzy logic signifi-
cantly reduced the number of errors in all classes 
(p<0.05), with the strongest effect observed in the 
“high-stress” class (a 30% reduction). The “no-
stress” and “medium-stress” classes achieved 
reductions of 25% and 19.6%, respectively. In the 
mixed palette variant, significant improvement 
was observed only for the “high-stress” class, 
where errors decreased by 19%. This is attributed 
to the greater complexity of data in this variant, 
where fuzzy logic more effectively filtered uncer-
tain predictions in borderline cases. The smallest 
effect was noted for the “no-stress” class (a 5.9% 
reduction), suggesting that simple cases are less 
susceptible to optimization by the fuzzy system. 
In summary, the test results indicate that fuzzy 
logic substantially improves stress classification 
accuracy, especially under conditions of consis-
tent thermal representation (single palette), for 
the “high-stress” class, and in scenarios charac-
terized by clear model uncertainty (e.g., subtle 
temperature differences). This effect is statistical-
ly significant (p<0.01 for key classes) and mean-
ingful – error reductions of 19–30% translate into 
greater system reliability in classification applica-
tions. These results directly confirm the claimed 
advantages of adaptability and robustness of the 
proposed hybrid ensemble. The fuzzy logic com-
ponent dynamically adapts model weights based 
on confidence, leading to a statistically significant 
reduction in errors, especially for challenging 
‘high-stress’ cases. 

Table 9. Summary of paired student’s t-test results (single vs. mixed palette) 

Model CNN Mean single Mean mixed Difference t-value df p-value 95% CI

MobileNetV3-Lite 0.801 0.782 +0.019 4.12 4 0.015 [0.005, 0.033]

TinyNet-E 0.785 0.762 +0.023 5.01 4 0.007 [0.010, 0.036]

FBNetV3 0.771 0.748 +0.023 4.87 4 0.008 [0.009, 0.037]

CondenseNetV2 0.751 0.721 +0.030 6.15 4 0.003 [0.016, 0.044]

NanoNet 0.703 0.679 +0.024 5.43 4 0.006 [0.012, 0.036]

ShuffleNetV2 0.681 0.640 +0.041 8.72 4 <0.001 [0.029, 0.053]

Table 10. Results of the two-way ANOVA with replications 

Source of variance SS df MS F p-value h2 (effect size)

Model (M) 0.148 5 0.0296 38.72 <0.001 0.801

Dataset (D) 0.021 1 0.0208 27.19 <0.001 0.362

M × D 0.009 5 0.0018 2.36 0.049 0.197

Error 0.092 48 0.00076 - - -
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CONCLUSIONS

This study introduced a novel hybrid approach 
to ensemble-based stress classification using ther-
mal imaging. The primary contribution lies in the 
development and thorough evaluation of a three-
stage ensemble aggregation method, which com-
bines nonlinear base model weighting via a calibrat-
ed Gompertz function with dynamic weight adjust-
ment based on a fuzzy logic system that assesses 
the confidence of each individual prediction. The 
conducted experiments, supported by rigorous sta-
tistical analysis, lead to the following key findings:
	• Data representation consistency is paramount 

– results clearly indicate that applying a sin-
gle, standardized thermal palette enables sta-
tistically significant improvements in classi-
fication accuracy (up to ~2 percentage points 
for the best models) compared to the mixed-
palette scenario.

	• Gompertz-based selective weighting is effec-
tive – using the nonlinear Gompertz function 
for initial model weighting efficiently empha-
sized high-quality models (e.g., MobileNetV3-
Lite) while marginalizing weaker ones, result-
ing in higher ensemble accuracy compared to 
linear averaging.

	• Fuzzy logic substantially reduces errors on 
“hard” samples – the most empirically con-
firmed advantage of the proposed method is its 
adaptiveness. The fuzzy confidence evaluation 
mechanism significantly reduced classification 
errors (McNemar’s test, p < 0.001), particularly 
for the “high stress” class (reduction of 19–30%) 
in scenarios where base models exhibited low 
confidence. This demonstrates that the proposed 
approach does not merely combine models but 
intelligently manages system uncertainty.

	• Model architecture matters – the benchmark 
of six lightweight CNN architectures revealed 

Table 11. Post-hoc Tukey HSD for models (top 3 and bottom 2)

Tukey HSD test for variant: single palette

Comparison Difference p-value 95% CI ES (Cohen’s d)

MobileNetV3 vs ShuffleNetV2 +0.119 <0.001 [0.096, 0.142] 2.79

TinyNet-E vs ShuffleNetV2 +0.102 <0.001 [0.079, 0.125] 2.38

MobileNetV3 vs NanoNet +0.099 <0.001 [0.076, 0.122] 2.31

FBNetV3 vs CondenseNetV2 +0.017 0.134 [-0.006, 0.040] 0.40

TinyNet-E vs MobileNetV3 -0.017 0.301 [-0.040, 0.006] -0.40

Tukey HSD test for variant: mixed palettes

MobileNetV3 vs ShuffleNetV2 +0.137 <0.001 [0.114, 0.160] 3.01

TinyNet-E vs ShuffleNetV2 +0.113 <0.001 [0.090, 0.136] 2.48

MobileNetV3 vs NanoNet +0.106 <0.001 [0.083, 0.129] 2.33

FBNetV3 vs CondenseNetV2 +0.026 0.021 [0.003, 0.049] 0.57

TinyNet-E vs MobileNetV3 -0.023 0.097 [-0.046, 0.000] -0.51

Table 12. Error reduction for the single palette

Class Errors (G) Errors (G+F) Reduction χ2 p-value

No-stress 72 54 25.0% 4.17 0.041

Low-stress 97 78 19.6% 5.12 0.024

High-stress 80 56 30.0% 7.11 0.008

Table 13. Error reduction for the mixed palettes

Class Errors (G) Errors (G+F) Reduction χ2 p-value

No-stress 202 190 5.9% 1.13 0.288

Low-stress 228 212 7.0% 2.00 0.157

High-stress 210 170 19.0% 9.41 0.002
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notable performance differences. Models 
incorporating advanced attention mechanisms 
(SE-blocks in MobileNetV3-Lite) or opti-
mized via NAS (FBNetV3, TinyNet-E) con-
sistently achieved superior results, especially 
in the more challenging mixed-palette variant.

This study has several limitations. The pri-
mary constraint concerns the thermal dataset, 
namely the relatively small size of the data used. 
As discussed before, the availability of thermal 
databases remains limited compared to visual 
(non-thermal) datasets, prompting the need for 
custom dataset development. Furthermore, while 
the use of subject-independent cross-validation 
and aggressive augmentation mitigates the issue, 
the relatively small dataset size remains a limi-
tation that future work with larger, more diverse 
cohorts should address. Another issue lies in the 
simplified mapping of emotions to stress levels. 
Mapping complex emotional states to a three-
level stress scale based on literature remains a 
psychological simplification. It is important to 
emphasize that this mapping is a heuristic, data-
driven approximation commonly used in the lit-
erature to enable computational analysis, and 
may not capture the full complexity of the physi-
ological stress response in all contexts. It serves 
as a pragmatic framework rather than an absolute 
physiological truth. Furthermore, the controlled 
laboratory data collection setting poses another 
limitation. Evaluating the robustness of the pro-
posed method under real-world, uncontrolled 
conditions (e.g., variable lighting, movement) 
remains a future task. Finally, the computational 
cost of the ensemble must be noted – despite the 
use of lightweight models, aggregating six net-
works and performing Gompertz function and 
fuzzy logic computations introduces additional 
overhead compared to using a single model.

Based on these findings and limitations, 
future research directions have been identified. 
A priority is the acquisition of a larger and more 
diverse thermal dataset, accounting for demo-
graphic variability (age, gender, ethnicity) and 
collected under less controlled conditions. Simul-
taneously, it is worth exploring advanced domain-
specific augmentation techniques. For instance, 
generative adversarial networks (GANs) could be 
employed to synthesize realistic samples or simu-
late different thermal palettes, mitigating data 
scarcity. Another promising avenue is optimiza-
tion of fuzzy function parameters, specifically 

through global optimization methods (e.g., genet-
ic algorithms, particle swarm optimization) for 
automated tuning of Gompertz and fuzzy mem-
bership function parameters. To evaluate the real-
time performance and energy efficiency of the 
ensemble, implementation on edge devices (Edge 
deployment) could be pursued by porting and 
benchmarking the final trained ensemble model 
on embedded platforms such as Jetson Nano or 
Coral USB accelerator. A further perspective 
involves multimodal integration, i.e., combining 
thermal imaging with other modalities such as 
conventional video (for micro-expression track-
ing) or physiological signals (ECG, GSR) from 
wearable devices to create a more holistic and 
resilient stress assessment system. This, in turn, 
relates to the previously discussed dataset chal-
lenge and the need for custom data collection.

The proposed Gompertz-Fuzzy ensemble 
method constitutes a significant step toward robust, 
intelligent stress recognition systems capable of 
dynamic adaptation and uncertainty management. 
Despite certain limitations, the study delineates 
clear and promising directions for future research 
in this rapidly evolving domain.
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