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ABSTRACT
Thesis: 111 pp., 19 figures, 3 tables, 2 appendixes, 16 sources.

Keywords: Machine Learning; Deep Learning; Neural Networks; Wasserstein
Generative Adversarial Networks; Conditional GAN; Thermal Image Synthesis; Fréchet
Inception Distance; Structural Similarity Index; Thermal Diagnostics; Hyperspectral Image
Classification.

The purpose of the work is to develop and research methods for generating thermal
Images of asynchronous motors in various states of health based on generative-competitive
neural networks (WGAN-GP and cWGAN-GP) to increase the efficiency of fault
diagnosis.

The object of the research is the processes of diagnosing the technical condition of
induction motors using thermal images and generative deep learning methods.

The subject of the research is methods for generating thermal images of induction
motors using generative adversarial neural networks (WGAN-GP and cWGAN-GP) to
increase the efficiency of diagnosing their technical condition.

Research methods - The work uses methods of analyzing literary sources to study
modern approaches to diagnosing asynchronous motors and generative neural networks,
machine learning methods for implementing and training WGAN-GP and cWGAN-GP,
Image processing methods to improve the quality of generated thermal images

The scientific novelty of the results - obtained This work introduces, for the first time
in the domain of induction motor thermal diagnostics, a conditionally controlled WGAN-
GP architecture that integrates one-hot encoding of fault classes directly into both generator
and critic. Unlike prior studies that either focus on vibration spectrograms or generic image
domains, our model is specifically tailored to synthesize thermal maps of asynchronous
motors under varied operational regimes (load levels, cooling faults, imbalance, rotor
blockages), preserving both global statistical distributions (validated by FID = 62) and local
structural patterns (SSIM = 0.74). We also demonstrate stable training dynamics - avoiding
mode collapse - through a carefully balanced gradient-penalty and update ratio (G:D = 1:5),

and show that injecting conditional information at intermediate layers improves class-



specific feature fidelity.
The practical significance of the results - obtained By enriching limited real-world

datasets with high-quality synthetic thermograms, our approach boosts fault-class
representation - especially for rare stator and rotor defects - and raises classification
accuracy from 67 % to 92 %. This enables more reliable, data-efficient thermal diagnostics
without expensive physical tests and integrates smoothly into existing maintenance

workflows on standard GPU platforms.
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INTRODUCTION

Topic relevance - In modern industry, asynchronous motors are one of the most
common elements of electromechanical systems used in various industries. However, their
reliability largely depends on the condition of bearings, which account for 40-50% of the
total number of motor failures. Timely detection of faults is critically important for
ensuring uninterrupted operation of equipment, reducing operating costs and preventing
accidents.

Traditional diagnostic methods, in particular the analysis of vibration signals, have a
number of limitations, including high sensitivity to speed fluctuations, the complexity of
data pre-processing and the need for high-tech equipment. The use of thermal imaging as
an alternative approach to monitoring the condition of motors allows for more stable results
that do not depend on the rotation speed.

However, the effective use of thermal diagnostics requires a large volume of high-
quality images of different engine states, which is often a problem due to limited data
availability. Generative adversarial neural networks (GAN), in particular WGAN-GP, open
up new possibilities for creating realistic thermal images that can be used to train fault
diagnosis models. The use of conditional WGAN (cWGAN-GP) allows improving the
quality of synthesized images by adapting them to specific fault types.

By integrating one-hot condition vectors with the WGAN-GP framework, our work
establishes an end-to-end pipeline for thermal image augmentation: the generator learns to
produce high-fidelity infrared maps under varying load and cooling scenarios, while the
critic enforces Lipschitz continuity via gradient penalty. We evaluate the synthetic data not
only with perceptual metrics such as Fréchet Inception Distance and Structural Similarity
Index, but also by measuring the improvement in classification accuracy when these
images augment a CNN diagnostic model. This dual validation—quantitative and
task-driven—demonstrates that conditionally controlled WGAN-GP can effectively bridge
gaps in real-world thermal datasets, leading to more robust, data-efficient motor fault

detection systems suitable for deployment in modern industrial environments.



CHAPTER I
ASYNCHRONOUS MOTORS: OPERATING PRINCIPLES, COMMON FAULTS
AND MODERN METHODS OF INTELLIGENT DIAGNOSTICS

1.1 Principle of operation and design of an induction motor

An induction motor, or induction motor, is one of the most common types of
alternating current electric machines, playing a key role in providing mechanical motion in
industry, energy, transport and domestic applications. Its functioning is based on the
physical principle of electromagnetic induction, according to which an electromotive force
Is induced in a conductor placed in a changing magnetic field, which causes the appearance
of a current. In the context of an induction motor, the current in the rotor is not supplied
directly, but is induced by a magnetic field created by the stator windings when an

alternating voltage is applied.

Structurally, an induction motor consists of two main parts: a stator and a rotor.
Stator

Rotor

Connections Base

Fig.1.1 General structure of an induction motor

The stator is the stationary part of the motor, in which a three-phase or single-phase
winding is placed, which, when connected to an alternating current source, forms a rotating
magnetic field, which structure shown in fig.1.1. This magnetic field penetrates the air gap
between the stator and the rotor, causing a current to flow through the rotor conductors. In
turn, the rotor, which is the moving part of the machine, is placed inside the stator and

consists either of short-circuited conductors (the so-called "drum" or "squirrel-cage" type),



or of a winding connected through slip rings to an external adjusting resistor (phase
rotor)[1].

The principle of operation of an asynchronous motor is the interaction between the
rotating magnetic field of the stator and the current induced in the rotor conductors.
According to Lenz's law, the induced current creates its own magnetic field, which opposes
the change that caused it, that is, the rotation of the stator magnetic field. As a result of this
interaction, an electromagnetic torque arises, which forces the rotor to rotate in the
direction of the field. In this case, the rotor cannot reach the synchronous speed of the field,
because when it is reached, the speed difference between the field and the rotor disappears
(the so-called "slip™), and therefore current induction ceases, and the motor loses its ability
to create torque.

There are several types of induction motors. Depending on the design of the rotor,

they are divided into motors with a short-circuited rotor and phase motors shown in fig 1.2.

Laminated

Laminated
Core

Metal Ring

Squirrel Cage Rotor Wound Rotor (Slip Ring)

Fig. 1.2 Types of rotors: squirrel-cage and phase

The former are the most common due to their simplicity, reliability and low cost of
production, although they have limited ability to regulate speed and starting torque. Motors
with a phase rotor, on the contrary, allow flexible adjustment of start-up and speed
parameters by connecting external resistors, but they are more expensive and more difficult
to maintain. Depending on the number of supply phases, motors are divided into single-
phase and three-phase. Single-phase asynchronous motors are mostly used in household

appliances, where three-phase power is not available. To start such motors, additional



components are required, such as a starting capacitor. Three-phase motors, in turn, are the
main working tool in industry due to their high efficiency, self-starting and ability to work
with heavy loads.

Asynchronous motors have a number of undeniable advantages, including simplicity
of design, mechanical reliability, low manufacturing cost, high energy efficiency in
nominal mode and a wide range of applications. However, they also have certain
disadvantages. These include low starting torque (especially in squirrel-cage motors),
limited ability to adjust the speed of rotation without the use of additional electronic
devices (for example, frequency converters), high starting currents, which can cause
voltage drops in the network, as well as a decrease in the power factor at partial loads. In
addition, the dependence of the speed of rotation on slip makes it difficult to accurately
regulate the speed without the introduction of complex control systems[1]. Despite these
limitations, asynchronous motors remain a key component in many industries. They are
used to drive pumps, fans, compressors, conveyor lines, machine tools, in ventilation and
air conditioning systems, household appliances (washing machines, refrigerators, vacuum
cleaners), as well as in transport, including modern electric vehicles, where their efficiency
and reliability are crucial.

Thus, understanding the principles of operation, design features, advantages and
disadvantages of asynchronous motors is the foundation for further analysis of typical
malfunctions that occur during their operation. At the same time, as modern digital
technologies develop, methods of intelligent fault diagnosis, in particular using thermal
Imaging, are becoming increasingly relevant. This creates a bridge to the next chapter of
the study, where an innovative approach will be considered - the application of a
Wasserstein-Generative Adversarial Network with a gradient penaltyer (WGAN-GP) to
generate thermal images that allow for the effective detection of anomalies in the operation

of electric motors at the early stages[2].

1.2 The role of induction motors in industry and applications
Induction motors have become the cornerstone of modern industrial automation due

to their reliability, energy efficiency and versatility in application in various industries.
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Their wide implementation covers not only traditional production processes, but also
modern high-tech systems - from automated lines to electric transport. In light of the
global transition to smart, sustainable and automated production, the role of induction
motors is constantly growing, becoming even more complex and critically important.

In the production environment, induction motors are key drive elements for a variety
of equipment - conveyor lines, pumps, compressors, fans, etc. They provide the ability to
operate equipment continuously even under variable load conditions without losing
efficiency. Due to their simple design, durability and minimal maintenance requirements,
such motors are ideal for mass production, where it is critical to ensure process stability and

minimize downtime.

Fig. 1.3 The use of asynchronous motors in drives of conveyor systems in automated
production.

In the context of modern "smart" production, where productivity and energy
efficiency are of primary importance, asynchronous motors are a reliable support for all
automated mechanical processes. In addition to classic manufacturing, asynchronous
motors play a leading role in the development of the robotics and automation industry.
Modern factories are increasingly implementing robotic manipulators, automated assembly
lines and high-precision positioning devices, which require precise and controlled rotation.
By using control technologies such as frequency converters (VFD) or vector control (FOC),
asynchronous motors are able to provide high torque and precise speed control - especially

valuable in industries where both speed and positioning accuracy are important. This



applies, in particular, to electronics manufacturing, automated packaging, sorting lines and
pick-and-place systems[2].

Asynchronous motors play an equally important role in heating, ventilation and air
conditioning (HVAC) systems. They provide the operation of fans, pumps and air handling
units responsible for maintaining a comfortable microclimate in industrial and commercial
premises. Modern HVAC systems are integrated with building management systems
(BMS) and, thanks to this, allow you to dynamically adjust the speed of rotation of motors
depending on the temperature, humidity and number of people in the room. This not only
improves energy efficiency, but also contributes to more sustainable energy systems in
large buildings. In the transport sector, in particular in electric transport, asynchronous
motors occupy a leading position. They are actively used in electric vehicles, trams, trains,
hybrid systems and even in modern air transport. Among their main advantages are high
torque at low speeds, compact dimensions, and the ability to recover energy during braking.
These characteristics have made induction motors the choice of companies like Tesla for
their electric cars. In rail transport, they provide smooth acceleration and deceleration of
trains, and are often integrated with energy-saving systems to feed electricity back into the
grid.

One of the most important advantages of induction motors is their high reliability.
The simplicity of the design, the absence of brushes and switches minimizes wear and tear
and the need for maintenance. This makes them ideal for long continuous cycles of
operation, especially in industries where even a short downtime can lead to significant
financial losses. Their endurance to difficult operating conditions further enhances their
value in heavy industry. Another important characteristic is energy efficiency. The
efficiency of induction motors can reach 80—-95% depending on the type and load mode.
This is especially relevant in conditions of increased requirements for energy conservation
and reduction of the carbon footprint. In large manufacturing enterprises, even a small
increase in efficiency leads to a significant reduction in operating costs and energy

consumption.
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Economy is another important advantage. Asynchronous motors are cheaper to
manufacture than other types of electric motors, have a wide range of power and size
options, and have a long service life. This makes them particularly attractive to both large

businesses and small businesses looking to automate production with minimal costs[3].

Thanks to modern control technologies, such as variable frequency drives (VFD),
asynchronous motors can operate in variable speed mode. This allows the motor’s
operating parameters to be precisely tuned to specific process requirements, which
increases accuracy, reduces wear, and optimizes energy consumption. For example, in

pumping systems, this allows for real-time fluid flow control based on consumer needs.

In addition, integration with digital control systems - such as programmable logic
controllers (PLC), human-machine interfaces (HMI), and SCADA platforms - make
induction motors key elements of today's automated manufacturing systems. These
technologies enable remote monitoring, diagnostics, fault prediction and real-time adaptive
control. The development of artificial intelligence and machine learning opens up new
opportunities - in particular in the field of predictive maintenance and optimization of

operating parameters based on accumulated data[3].

1.3 Typical faults of induction motors and their consequences

Asynchronous motors are an integral part of industrial and commercial systems due
to their simplicity, reliability, energy efficiency, and cost-effectiveness. They are widely
used in drives for conveyor systems, pumps, fans, compressors, heating, ventilation, air
conditioning (HVAC) systems, as well as in rail transport and electric vehicles. However,
despite their strength and wear resistance, asynchronous motors are subject to various
failures during operation.

These failures can be caused by mechanical wear, thermal overloads, electrical
asymmetries, adverse environmental conditions, violations of maintenance regimes or
design defects. If such problems are not detected in the early stages, they can lead to

serious damage to the equipment, unexpected stoppages of the technological process,
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significant economic losses or even emergency situations that threaten the safety of
personnel.

The most common types of induction motor faults include:

* Worn or damaged bearings;

* Shaft misalignment or warping;

» Unbalance or rotor vibrations;

* Damage to the stator windings (short circuits, insulation breakdowns);
* Power supply problems (phase loss, voltage imbalance);

* Overheating due to overload or poor ventilation;

* Broken rods of the rotor;

* Insufficient or dirty lubricant in the bearing system.

/Rolling Bearings\ Stator
——
— E
Rotor

Fig. 1.4 Common fault locations in a standard induction motor.

¥

Thermal imaging diagnostics: an effective and non-contact approach

Infrared thermography, or thermal imaging, is a promising diagnostic method that
allows non-contact and rapid detection of temperature anomalies associated with potential
faults. Thermal images provide the ability to visualize the temperature distribution over the
surface of the motor, which allows identifying overheating zones, which are usually the
result of internal defects[4].

Thus, thermal imaging diagnostics allows not only to detect existing problems, but
also to carry out preventive maintenance, reducing the risk of critical breakdowns and

downtime.
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The problem of insufficient data for intelligent analysis

Although thermal images,which shown in fig 1.5, are extremely informative, their
use in automated diagnostics systems based on artificial intelligence (for example, deep
convolutional neural networks) faces a serious problem: the lack of high-quality annotated
data.

Cooling systm failure fault Shaft bending fault ~ Air gap Eccentricity Fault

Fig. 1.5 Thermal image showing overheating in a faulty motor bearing.

As a result, a critical barrier arises: the insufficient amount of data makes it difficult
to train neural networks for the tasks of classification and detection of defects using thermal
images.

One of the modern solutions to this problem is the generation of artificial thermal
Images using generative models. This approach allows:

* Create new examples for rare classes of faults;

» Balance data sets;

* Improve the generalization ability of the model;

* Avoid the need for physical simulation of faults;

* Reduce the cost of lengthy experimental testing.

Thus, the use of generative models - in particular, generative adversarial networks
(GAN) - becomes an effective tool for the synthesis of realistic thermal images of
asynchronous motor faults, which opens new horizons in the construction of intelligent

diagnostic systems.
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1.4 Using thermal imaging to detect faults

Infrared cameras, also known as thermal imagers, are an extremely useful means of
detecting faults in electric motors, as well as a tool for continuous monitoring of their
condition in the context of preventive maintenance. They are widely used in the
manufacturing, energy and commercial service sectors[1]. Thermal images obtained with
the help of such cameras reflect the real state of engine operation through the temperature
distribution on its surface. Such monitoring helps to prevent many sudden failures in
critical systems for production. The onset of faults in an electric motor can be detected
using various diagnostic methods, the most common of which are vibration analysis,
ultrasonic inspection and thermal imaging scanning.

Electric motors are the basis of modern industry, as they provide the majority of
mechanical processes. Thermal imaging cameras play a key role in both identifying
specific problems and systematically monitoring the overall condition of equipment. They
are particularly useful for long-term preventive maintenance. A handheld thermal imaging
camera can capture infrared temperature measurements of the motor profile in a two-
dimensional image (fig.1.4.1), allowing you to assess the condition of all critical

components without having to disassemble the equipment.

Fig. 1.6 Infrared image of an electric motor with a distinct temperature distribution in the
shaft area.

Thermal imaging diagnostics have a number of advantages that make it an effective
tool for monitoring the condition of electric motors[2]. It allows you to perform an

inspection directly during the operation of the equipment, confirm the quality of the
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performed repairs, perform an inspection from a safe distance, as well as significantly
increase the efficiency of maintenance and reduce its cost. To create high-quality thermal
profiles of engines, it is recommended to record infrared images under conditions of their
normal operation. This allows you to form a basic (reference) temperature template, with
which other measurements can be compared in the future. An infrared camera is able to
determine the temperature of all key components of the motor: the housing, shaft coupling,
motor and shaft bearings, and gearbox. In cases where the motor operates with a low
electrical load, signs of problems may be insignificant. Therefore, the National Fire
Protection Association (NFPA 70B) recommends performing a thermal inspection at a load
of at least 40% of the nominal. The higher the load, the more pronounced the temperature
differences will be, and the easier it will be to identify potential faults[4].

There are several key features to look for when conducting a thermal analysis. All
electric motors have a normal operating temperature listed on the nameplate. Deviations
from this temperature, as seen in the thermal image, can indicate a problem. For example,
overheating of the motor housing can be the result of insufficient ventilation, which can
sometimes be remedied by simply cleaning the ventilation grilles. Power quality problems,
such as phase imbalance, overload or the presence of harmonics, can also lead to increased
temperatures in certain areas of the motor. Excessive heating of bearings usually indicates

that they are worn out or are approaching failure (fig 1.4.2).

Coupling: This image shows an alignment Angular misalignment
issue on a motor coupling.

The centerline of the two shafts intersect are
not parallel.

_ﬁ . \;_

3= W =

Parallel misalignment
Combo: This heat pattern indicates an The centerline of the two shafts are parallel
operational motor. but not concentric.

Fig. 1.7 Example of detecting shaft alignment problems based on thermal imaging: angular
and parallel misalignment.
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This situation occurs due to overloading, insufficient or incorrect lubrication,
inefficient sealing, misalignment of the shaft or incorrect mounting of bearings.

In case of overheating, it is important to clearly establish its cause. If the problem is
caused by poor ventilation, it is advisable to stop the motor to clean the grilles, and during
the next scheduled maintenance, to perform a deep cleaning. If the source of overheating is
overload or voltage imbalance, thermal imaging analysis will help to identify an overheated
contact or high resistance in the switching equipment. In this case, a check with a
multimeter, current clamps or power quality analyzer is required.

If the overheating is related to the bearing, you should create a request for its
replacement or maintenance (lubrication). It is also advisable to perform a vibration
analysis to clarify the extent of the damage. In case of insulation damage, it is
recommended to reduce the load in accordance with NEMA standards and replace the
motor at the earliest opportunity. If a misalignment of the shaft is suspected, the diagnosis
should be confirmed by vibration analysis, and in the event of a possible stoppage, laser or
indicator alignment should be performed.

Thus, thermal imaging diagnostics is an effective, non-contact and visual method of
assessing the technical condition of asynchronous motors. It allows you to detect a wide
range of faults at the early stages of their development, increasing the reliability of
equipment operation and reducing repair costs. However, despite its high informativeness,
the use of thermal images in more complex, automated diagnostic systems is faced with a
number of limitations. The most important of them is the shortage of high-quality,
annotated thermal data necessary for training modern artificial intelligence models. In real
conditions, it is difficult to collect a large and diverse set of images covering all possible
types of faults. It is this problem - the limitation of thermal data - that has become the
basis for finding new approaches to solving it. One of such promising areas is the creation
of synthetic thermal images using generative models. The next section will consider in
more detail why this problem is critical for the implementation of intelligent diagnostics, as

well as what approaches are used to overcome it.
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1.5 Modern methods for diagnosing faults in induction motors based on images.

In modern conditions, industrial enterprises are increasingly focused not only on the
stable operation of electric motors, but also on the implementation of intelligent diagnostic
systems capable of quickly detecting potential malfunctions. One of the promising areas of
such diagnostics is the analysis of visual information, in particular thermal images obtained
using infrared cameras. This approach allows you to assess the condition of the induction
motor without stopping the process, as well as to automate the detection of defects using
computer vision algorithms. In response to the need for rapid detection of technical
malfunctions in industrial asynchronous motors, numerous approaches to diagnostics have
been proposed in the scientific literature, which are conventionally divided into invasive
and non-invasive methods. Invasive methods are usually based on the analysis of
electromagnetic parameters of the motor, such as current or torque. However, these
approaches are difficult to implement in real production conditions, especially in the early
stages of fault development, when signal fluctuations are small and difficult to interpret. In
addition, invasive methods require the installation of specialized equipment, which
increases the risk to personnel and the overall cost of implementation[4].

On the other hand, non-invasive methods of diagnosis, in particular thermographic
analysis, show significant potential. Since most faults in induction motors are accompanied
by increased heat generation, thermal images are a reliable indicator of the technical
condition of the equipment. The main goal of such analysis is to record the heat distribution
on the surface of the motor and detect anomalous patterns that indicate the presence of
faults. The diagnostic process includes image pre-processing, region of interest (ROI)
selection, feature extraction and classification. In classical approaches, the region of
interest is defined manually - the operator selects the most "hot" points, and then the image
Is analyzed based on first and second order statistical characteristics (mean, variance,
contrast, entropy, etc.). These features are fed to the input of traditional machine learning
models, in particular multilayer perceptron (MLP), decision trees, or fuzzy logic systems.

However, such methods have several critical limitations:
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» similar features may occur for different types of faults due to variability in external
conditions;

* low robustness to noise or image artifacts;

* dependence on manual processing, which limits automation.

To overcome these problems, deep learning methods, such as convolutional neural
networks (CNN) (fig.1.8), have been proposed in scientific research. These models have
the ability to automatically detect relevant features from an image without the need for
manual ROI extraction or feature construction. The CNN receives an image as input, and
during training, it independently learns to distinguish normal engine states from faulty

ones, taking into account spatial patterns of temperature distribution.

Convolutional
neural network
feature extraction Decision tree

_________________

_________

evaluation (6)

Fig. 1.8 General scheme of using a convolutional neural network for thermal image
classification.

In some works, CNN are combined with additional classifiers. For example, one
model involves using CNN to pre-extract features from a thermal image, after which these
features are fed to the input of a decision tree or SVM (support vector machine). This
combination provides higher accuracy by combining the flexibility of CNN with the
structure of traditional models. In addition, input image enhancement methods such as
CLAHE (Contrast Constrained Adaptive Histogram Equalization) are used to improve the
quality of the features in the early stages of processing.

Cepen ycniHO IpOTECTOBAHUX aPXITEKTYP MOKHA BUALIUTH:
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o ResNet50 - rimboka Mepexa 3 pe3suACHTHUMHU 3’ € THAHHSIMU;

o InceptionV3 3 SE-moaynmsmu -  ais (OKyCyBaHHS yBarm Mojelll Ha
HaWBXIMBILIUX JUITHKAX 300pa’KEeHHS;

o EfficientNetBO - onTumizoBaHa MOCNIb 3 BHCOKOKO IMPOJYKTHUBHICTIO Ta
HU3bKOIO KUTBKICTIO TapaMeTpiB;

o GLCM, wavelet, PCA - sk gonoBHeHHs Juis (OPMYBaHHS BEKTOPIB O3HAK Y
riOpUIHUX MIIX0/1aX;

° KNN, Random Forest, Helipo-HEUITKI CUCTEMH - SIK JOJATKOBI OJIOKU
Kiacudikarii.

As a result of many studies, it has been found that the accuracy of engine state
classification using CNN exceeds 95%, and the robustness of models to noise and
environmental changes increases by 1.5-2 times compared to traditional methods[5].

However, despite these advantages, CNN and similar models have a common critical
dependency - the need for large and balanced sets of thermal images. In practice, this is a
significant challenge: annotated thermal images are difficult to collect, failures occur
irregularly, and artificially creating defects can be expensive or dangerous.

That is why generative models, in particular Generative Adversarial Networks
(GAN) (fig.1.9), are gaining increasing popularity. They allow generating synthetic thermal
images that retain the visual characteristics of real defects, and thereby provide expansion

of training datasets without risk to equipment or personnel.

Fig. 1.9 Example of synthetic thermal images of an induction motor generated using a
GAN-type model to augment the training dataset.
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Modern methods for diagnosing faults in induction motors are increasingly based on
the analysis of visual data, in particular thermal images. Thanks to the use of computer
vision algorithms, and especially deep convolutional neural networks, it has become
possible to automate the detection of critical engine defects in the early stages without the
need to stop the equipment.

The main advantages of such methods are high accuracy, noise immunity, self-
learning ability and minimization of the human factor. However, the effectiveness of these
technologies largely depends on the quality and quantity of training data, which is a
significant problem in real production conditions.

In this regard, an important innovation in the field of technical diagnostics has been
the use of generative neural networks. In particular, models such as WGAN-GP
(Wasserstein GAN with Gradient Penalty) allow generating realistic thermal images that
can be used as additional data for training fault detection systems. The following section
will consider the features of the operation of GAN architectures, as well as an example of

using WGAN-GP to generate synthetic thermal maps of induction motors[5].

Conclusions to Chapter |

This section reviewed the main technical and operational aspects of induction
motors, which are the main drives in modern industry. Their operating principle, design
features, and advantages that ensure their reliability, energy efficiency, and a wide range of
applications, from automated production lines to electric vehicles, were analyzed in detail.

Particular attention was paid to typical faults that occur during the operation of
induction motors, including bearing wear, shaft misalignment, winding damage, overload,
and overheating.

Modern approaches to image-based motor condition monitoring were analyzed,
including both traditional (with manual feature extraction) and deep learning methods,
including convolutional neural networks. Separately, a key problem is emphasized - the

shortage of high-quality and balanced thermal images for training neural networks.
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In response to this problem, the feasibility of using generative adversarial networks is
substantiated. (Generative Adversarial Networks, GAN), in particular, architectures such as
WGAN-GP and cWGAN-GP. They are capable of synthesizing realistic thermal images for
various types of faults, which allows expanding training samples without physically
creating defects, minimizing risks and costs.

Thus, this section has formed a theoretical basis for further research into the
application of generative neural networks in technical diagnostics tasks. The next section
will discuss in detail the principles of GAN operation, as well as the implementation of the

WGAN-GP approach for generating thermal images of induction motors in different states.
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CHAPTER I
OVERVIEW OF GENERATIVE ADVERTISEMENT NETWORKS AND PROBLEM

STATEMENT

2.1. Generative Adversarial Neural Networks (GAN): Working Principle and
Basic Concepts

Generative adversarial networks are one of the varieties of generative models. The
term "generative model" is used in different contexts in different ways. In the framework of
this work, a generative model is understood as a model that, based on a training data set
consisting of samples drawn from some real distribution pqaa(X), learns to represent the
estimate of this distribution in a certain way. As a result of this process, a model probability
distribution is formed pmogei(X). In some cases, the model explicitly estimates pPmodel(X),
while in other cases the model is only capable of generating samples from this distribution.
Some models can perform both tasks. Generative adversarial networks (GAN) are mostly
focused on generating samples, although there are modifications of GAN that also allow
explicit estimation of the model distribution. At this point, it is appropriate to ask the
question: how do generative models work in general and how do GAN compare to other
approaches to generative modeling? In particular, it is important to consider one of the
basic principles underlying most generative models - the principle of maximum likelihood
estimation.

To simplify the discussion, we will first focus on generative models that are directly
based on this principle. It should be noted that not all generative models use maximum
likelihood estimation by default. Some of them (like GAN) do not use this principle
directly, but can be adapted to implement it. The use of maximum likelihood allows us to
clearly formulate the problem of building a generative model, as well as to compare GAN
with other models that are directly based on this principle[6].

The basic idea of maximum likelihood is to choose the following model parameters
0, which maximize the probability that the model will generate exactly the training data that
was actually observed. Formally, if given a set of training examples { x®,x®, .. xM}

obtained from the distribution pqaa(X), then the likelihood of the model is defined as:
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L(O) = [1i~, Prmoder(z?; 6) 2.1)

To simplify computational procedures, log-likelihood is usually used, which converts

the product of probabilities into a sum of logarithms:

log L(G) = Z:}ll 10g Prmodel (m(ﬁ)a 6)
(2.2)

Using log-likelihood avoids the numerical problems associated with multiplying a
large number of very small numbers, which often arise when working with real data sets.
Thus, the task of training the model is reduced to finding parameters that maximize the log-
likelihood[6]:

Another view of the maximum likelihood principle allows us to interpret it as
minimizing the Kullback—Leibler divergence (KL-divergence) between the real data
distribution pgata(X) and the model distribution pmogei(X;0):

DPdata (1'}

KL(pdata‘ ‘pmodel) — fpdata(m) ]-Og e A

DPmodel (3379) (2 3)

)

\ . ‘.
Vg el et o

T T T N

(b)

(d)

Fig 2.1 Schematic illustration of the process of approximating a model distribution to the
real data distribution by training a generative model.

Thus, by minimizing this discrepancy, the model approximates its distribution to the
true distribution of the data, which is one of the fundamental goals of generative modeling.
Although the principle of maximum likelihood is a powerful tool, it cannot always be

used directly. In certain cases, generative models, which are based on maximum likelihood,
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face serious computational and analytical difficulties. To avoid the problems associated
with the need to explicitly define and calculate probability densities as precisely as
possible, alternative approaches have been developed that use either deterministic
approximations or stochastic methods. Deterministic approaches mainly include variational
methods, while stochastic approaches include Markov chain Monte Carlo methods.

One of the most well-known deterministic variational methods is the variational
autoencoder (VAE). The variational autoencoder creates a lower bound for the log-
likelihood that is guaranteed to be less than or equal to the true log-likelihood. In the
process of training the model, this lower limit is maximized, which allows avoiding
complex calculations associated with explicit estimation of the density. The main
advantage of this approach is that the lower bound can be computed analytically or
effectively approximated. However, the main disadvantage of variational autoencoders is
that if the approximating posterior or prior distribution is chosen to be too weak, then even
with perfect optimization and an infinite amount of training data, the gap between the lower
bound and the true log-likelihood can be significant. This can lead to the model distribution
Pmodel(X) Will differ from the real distribution pgaa(X), which will result in lower quality data
being generated.

It is in response to these shortcomings that generative adversarial networks (GAN)
were proposed. GAN were specifically designed to be unbiased in approximating the true
data distribution. That is, theoretically, given sufficient model capacity and an infinite set
of training data, the Nash equilibrium in the game between the GAN generator and
discriminator corresponds to an exact reproduction of the true data distribution pgata(X).

In general, GAN demonstrate a greater ability to generate high-quality samples
compared to variational autoencoders. Despite the lack of unambiguous methods for
quantitatively measuring the quality of the generated samples, general empirical experience
suggests that GAN generate more realistic samples that are difficult to distinguish from real
data. However, from a practical point of view, GAN do not simplify optimization compared

to VAE, since training GAN can be quite difficult due to the instability of the game
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between the generator and the discriminator, which is a well-known problem of GAN that
Is actively researched.

How do generative adversarial networks work? The main idea of a GAN is to
organize the interaction of two networks in the form of a game: one network (the generator,
G) generates samples that are as similar as possible to real data, and the other (the
discriminator, D) tries to determine whether the obtained samples are real or artificially

generated[7].

D tries to make
D(G(z)) near 0,
G tries to make
D(G(z)) near 1

Input noise z

Fig. 2.2 General diagram of the interaction between the generator and the discriminator in a
generative adversarial network (GAN).

The discriminator is trained in a standard supervised learning paradigm, dividing the
input data into two classes: genuine (real) and spurious (generated). The generator, on the
other hand, is trained in such a way as to “fool” the discriminator as much as possible by
generating data that it will perceive as genuine. This process can be intuitively represented
as a competition between a counterfeiter (generator), who tries to create perfect
counterfeits, and the police (discriminator), who try to distinguish genuine from counterfeit
money. To successfully achieve Nash equilibrium, the generator must learn to create
samples that are indistinguishable from the real ones, and the discriminator must become an
ideal classifier, which, however, when the ideal equilibrium is reached, is no longer able to
distinguish the real samples from the generated ones, because they become exactly the

same in distribution.
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Formally, GAN are structured probabilistic models that include hidden variables Z
(the generator input noise) and observed variables X (the data). Each of the two networks in
the game (the generator G and the discriminator D) is described by its own differentiable
function with corresponding parameters 6 6p. They have separate cost functions that
depend on the parameters of both networks, but each network controls only its own
parameters. The discriminator's task is to minimize its loss function. J®)(0p,0c), changing
only the parameters 0p , and the generator - minimize its own loss function J©)(0p,0c),
changing only the parameters 0¢ . Since the parameters of each network affect the other,
this competition is better viewed as a game than as a simple optimization problem. The
optimal solution to this game is a Nash equilibrium - a state in which neither party can
improve its position without changing the parameters of the other party.

It is worth dwelling in more detail on the description of each of the components of
generative competitive networks, namely the generator and the discriminator. The
generator G is a differentiable function, usually implemented as a deep neural network,
which takes as input a random noise z, selected from some simple prior distribution, for
example, uniform or Gaussian. This random vector z is transformed by a generator function
into a data sample x, which must belong to the model distribution pmodel(x). Formally, this
can be written as x = G(z; 6¢), ne 6 - are the generator parameters. There are no strict
restrictions on the generator architecture, except for the need for the function to be
differentiable and for the dimensionality of the output data to match the desired format.
Different approaches to integrating noise into a neural network are possible: noise can be
fed to the input of the first layer of the neural network or added at intermediate levels,
which allows for different levels of detail and realism of the generated samples. On the
other hand, the discriminator D is also a differentiable function that takes as input samples
X, which can be either real or generated, and estimates the probability of their authenticity.
The discriminator tries to classify the received samples as accurately as possible, assigning
them a probability of belonging to the real data distribution. Formally, this is written as

D(x; 0p), ne Op are the discriminator parameters.
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The GAN training process consists of simultaneous steps of stochastic gradient
descent for the generator and the discriminator. At each training iteration, two mini-groups
(minibatches) are selected: one of them consists of real data samples x, and the second of
artificially created samples G(z), generated from the input noise z. The discriminator
parameters are updated in such a way as to minimize its loss function, which, in particular,
reflects the ability of the discriminator to distinguish real and artificial samples. The
generator parameters are updated in order to minimize its own loss function, which depends
on the ability to “fool” the discriminator - that is, to make it classify the generated samples
as real. In this case, the training process is carried out alternately: the discriminator and the
generator perform gradient descent steps simultaneously or alternately, depending on the
chosen training protocol. As a rule, gradient-based optimization algorithms are used, for
example, Adam.

Thus, the game that takes place between the generator and the discriminator can be

described using the following minimax function:

minmax V(D, G) = Ey.p,,, () [log D(2)] + E.p.(;)[log(1 — D(G(2)))] »

This equation expresses the fact that the discriminator seeks to maximize the
probability of correctly classifying real and artificial samples, while the generator seeks to
minimize the probability that the discriminator correctly recognizes its samples as fake. In
practice, the Nash equilibrium, which is the theoretical ideal for GANs, is only
approximately achieved due to the complexity of optimization and the possibility of
unstable model behavior. One common problem is the situation when the discriminator
becomes "too good" and easily recognizes artificial samples in the early stages of training,
which causes the gradients obtained by the generator to become very small, which leads to
a slowdown or complete stop of the generator's training. To avoid this phenomenon,
modifications of the loss functions are used in practice, such as replacing the term
log(1-D(G(z))) na —log(D(G(z))), which provides a stronger gradient in the initial stages of

training.
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In addition, the implementation of GAN requires careful selection and balancing of
the capacities (number of parameters) of the generator and discriminator, as well as taking
into account the difficulties of synchronizing their training. If the generator is trained much
faster or slower than the discriminator, this can lead to model degradation and poor sample
quality. Therefore, it is usually recommended to use approximately equal model
complexity for both networks, although in practice it is sometimes recommended to do a
few additional steps of discriminator training for each generator training step to maintain
some balance between the networks. Despite these difficulties, GAN have significant
advantages over many other generative modeling methods. The main advantage of GAN is
that gradient extraction and model training do not require approximate inference
procedures or Markov chains, which are often used in other generative approaches (such as
deep Boltzmann machines). This allows GAN to generate highly realistic samples more
efficiently and achieve better results with fewer resources and simpler algorithmic
solutions[7].

It is important to emphasize a few more features of generative-competitive networks
that favorably distinguish them from other popular approaches in the field of generative
modeling. In particular, GAN do not require an explicit representation of the density of the
model distribution. pmoder(X). This is a significant advantage, as it allows for more flexible
models that can model more complex and even degenerate (clear, concentrated)
distributions that are typical in real-world applications. In other methods, such as deep
Boltzmann machines, the distribution must be sufficiently "fuzzy" or regularized to ensure
the efficient operation of Markov chain algorithms. GAN do not have this limitation, so
they are often used to generate data that requires a high degree of detail and realism, for
example in computer vision, medical imaging, voice synthesis and other artificial
intelligence tasks. Another significant advantage of GAN is that during training, the
generator does not receive direct access to real data, but only the gradients obtained
through the discriminator. This prevents direct copying of training examples into the
generator parameters, which avoids overfitting and provides a greater generalization ability

of the model. Due to this, GAN have the ability to generate new samples that, although
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similar to real ones, are not exact copies of them, which is an important advantage in many
practical applications.

However, the disadvantages of GAN should also be taken into account. The main
difficulty in using generative adversarial networks is the instability of learning, which
arises due to the complex interaction of the generator and the discriminator. Often there are
problems such as mode collapse (mode collapse), when the generator starts to create a
limited set of very similar samples, ignoring the full diversity of the distribution of real
data. To overcome this problem, special modifications of GAN have been developed, such
as Wasserstein GAN (WGAN) and other variants that stabilize learning and help avoid
mode collapse. These methods will be discussed in detail in the following sections of this
work. In addition, another drawback is the need to carefully tune the hyperparameters of
the model, including the learning speed, network architecture, number of gradient descent
steps for the generator and discriminator, which makes the practical application of GAN
difficult, especially for users who do not have deep experience in neural network setup.

Thus, generative adversarial networks are a powerful and promising class of
generative models that combine a number of important advantages, such as high realism of
generated samples, flexibility of architecture, and the absence of the need for an explicit
representation of the probability density. Despite the difficulties in training and instability
arising from the interaction of the generator and discriminator, GAN remain one of the
most effective and popular tools in modern research and practical tasks of artificial
intelligence. The following sections of this work are devoted to a detailed review of
modern modifications of GAN that allow stabilizing the learning process and improving the
quality of generation, as well as an analysis of the possibilities of their application in the

tasks of diagnosing the technical condition of equipment based on thermal images.

2.2 Improving the Stability of GAN Learning: Wasserstein GAN and
Overcoming Deficiencies Techniques

Generative adversarial networks (GANSs) are a powerful class of generative models
that transform the problem of generative modeling into a game between two networks: a

generator network creates synthetic data from a noise source, while a discriminator network
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distinguishes between the data generated by the generator and real data from a training set.
GANSs are capable of generating visually appealing samples, but they are often difficult to

train due to the instability of the optimization process.
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Fig. 2.3 Comparison of the distribution of real and generated data in classical GANSs.

Much of the current research has been devoted to the development of methods for
stabilizing learning, but ensuring stable learning of GAN remains an open problem.

In particular, some papers analyze the convergence properties of the cost function
that is optimized by a classical GAN. As an alternative, Wasserstein GAN (WGAN) has
been proposed, which uses the Wasserstein distance to construct a cost function with better
theoretical properties than that of a conventional GAN. In WGAN, the discriminator (called
the critic in this model) must be restricted to the space of 1-Lipschitz functions, and this
restriction is implemented through weight clipping.

In the proposed Wasserstein GAN model, the main contributions are:

1. Demonstration on simple datasets how critical weight constraints can cause
undesirable behavior.

2. Proposal of a Gradient Penalty (WGAN-GP) method that eliminates the problems
associated with weight clipping.

3. Empirical confirmation of stable learning of different GAN architectures,
performance improvement compared to weight pruning, generation of high-quality images,
and construction of a speech GAN model at the symbol level without a discrete sampling

process.
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It is known that the divergences that are usually minimized in GAN may not be
continuous everywhere with respect to the generator parameters. This leads to difficulties
during training. Instead, Wasserstein GAN propose to use the distance W(p,q) - the so-
called "earth-mover distance”, also known as Wasserstein-1 distance. Its informal
definition is to minimize the cost of transporting mass to transform one distribution into
another, where the cost is calculated as the product of mass and transportation distance.
Under mild assumptions, the distance W(p,q) is continuous and almost everywhere
differentiable.
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Fig 2.4 Comparison of gradients in classical GAN and Wasserstein GAN.

The WGAN cost function is based on the Kantorovich—Rubinstein duality and has

the form:

minmaxE,., [D(z)] — E,.p) |[D(G(z
i max B, [D(@)] — E...[D(G(2))] o5

where:

* pr is the distribution of the true data,

* p(z) is the distribution of random noise,
* G(z) is the generator,

* D(x) is the critic,

* D is the set of 1-Lipschitz functions.
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With an optimal critic (discriminator), the minimization of this cost function with
respect to the parameters of the generator is equivalent to the minimization of the
Wasserstein distance between the distribution of real data and the model distribution of the
generator.

Although the concept of Wasserstein GAN, which is based on the use of Wasserstein
distance as a loss functional, theoretically significantly improves the stability of generative
learning, in practice the implementation of the Lipschitz continuity constraint turned out to
be a difficult task. In particular, there was a need to ensure that the critic (discriminator)
belongs to the class of 1-Lipschitz functions, that is, such functions for which the norm of
the gradient is bounded by unity everywhere in the input space[10].

In the original version of WGAN, it was suggested to apply a simple technique -
weight clipping. The essence of the method was that after each update of the parameters of
the critic neural network using the gradient descent algorithm, all weight coefficients were
limited to a fixed interval [—c, c¢]. Formally it looks like this:

w + clip(w, —c¢, ¢)

where w is the network weight,

c is a small predetermined constant, for example ¢ =0.01.

The purpose of this restriction is to prevent the network parameter values from
growing too large, which provides control over the Lipschitz constant of the critic function.
The use of weight pruning allows us to formally satisfy the requirements of Kantorovich-
Rubinstein duality, which is necessary for the correct construction of the Wasserstein GAN
functional.

However, as further theoretical and empirical studies have shown, the weight
trimming technique has a number of serious drawbacks that limit its application in practical
conditions.

First, weight pruning leads to a limitation of the power of the neural network.
By reducing the allowable space of weight coefficients, the restriction [—c, c] reduces the

critic's ability to approximate complex functional dependencies. As a result, even under
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ideal optimization conditions, the critic may not approximate the optimal discriminant
function accurately enough, which worsens the overall quality of generator training.

Second, if the value of the constant ccc is chosen incorrectly, for example, if it is too
small, the critic neural network becomes too weak. It ceases to reliably distinguish between
real and generated data, which leads to gradient decay. In this case, the generator receives a
signal that is too weak or even useless for updating its parameters.

Thirdly, an excessively large value of the truncation parameter leads to the fact
that the model loses its Lipschitz boundedness. In this case, the loss function no longer
guarantees the theoretical convergence properties, and the entire concept of Wasserstein
GAN loses its advantage over the classical GAN.

Moreover, the application of weight pruning becomes difficult when moving to more
complex network architectures. For example, in deep convolutional neural networks or
recurrent networks, simply pruning the weights after each optimization step has been
shown to be insufficient to ensure the required smoothness of the critic function. Under
these conditions, even small errors in weight constraints lead to a significant deterioration
in the stability of training[8].

In addition, empirical observations have shown that weight pruning can negatively
affect the behavior of the optimizer. For example, using optimizers such as RMSProp or
Adam in conditions of constant weight trimming leads to the fact that the optimization
process becomes less predictable, which further complicates the achievement of game
balance between the generator and the critic.

Taken together, these factors have forced researchers to look for more efficient
methods for ensuring Lipschitz boundedness without interfering with the weight space,
which led to the development of a new technique known as WGAN with gradient penalty
(WGAN-GP), which will be discussed in the next section.

Sx Oymo 3a3HadeHO paHimie, TexHika OOpi3aHHsS Bar, 3aCTOCOBaHA B KJIACHYHOMY
WGAN, Mae uucnenHi Hemonikd. BoHa oOMexye ampoKCUMYIO4y 3MaTHICTh KPUTHKA 1
HEraTUBHO BIUIMBAE Ha SIKICTH FpaI[i€HTiB AJIA OHOBJICHHA I'€HCpaTopa. I{J’Iﬂ IIO4O0JIaHHA X

npobiem Oyrno 3amporoHoBaHo HoBui minxix - WGAN 3 rpagienTHuM mrpadom
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(WGAN-GP), which retains the main advantages of the Wasserstein GAN but eliminates
the need for weight pruning.

The main idea of WGAN-GP is that the 1-Lippschitzity of a function can be ensured
not by limiting the parameters of the model, but by controlling the gradient norms of the
output function with respect to its input data. In this approach, it is not necessary to change
the weights of the neural network after each optimization step. Instead, an additional
penalty term is introduced into the cost function, which punishes the critic for deviations of
its gradient norm from unity[9].

The loss function for WGAN-GP has the following form:

L = E;y,[D(8)] — Eony, [D(@)] + Asny, (| VaD(&)]2 - 1)°
(2.6)

where:

* x~~pg are the samples generated by the generator;

 x~pr are the real data samples;

 x"~px are the points formed by uniformly selecting points along straight lines
between pairs of real and generated samples;

* )\ 1s the regularization coefficient (set to 10 in the basic experiments).

Penalty term:

B, (|| V:D(2)]]2 — 1)° 2.7)

provides a "soft" compliance with the 1-Lipschitz condition: instead of a strict
requirement that the gradient be bounded strictly from below, the model is only encouraged
to maintain a gradient norm approximately equal to unity.

In the sample generation procedure, the xdistribution px is defined as a uniform
distribution along the segments between the points x~p, i x~pg. Intuitively, this means that
we generate new points along trajectories that directly connect the real and generated

samples, and control the behavior of the critic precisely in these intervals.
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This choice is justified by the fact that the optimal critic has gradients of a norm
close to unity along the straight lines connecting the corresponding points of the real and
model distributions (confirmed in a separate theoretical proposition in the source).

It is important to note that in WGAN-GP:

* a two-sided penalty function is used, i.e. deviations both in the larger and smaller
direction from the norm 1 are punished equally;

* the selected value of the penalty coefficient A=10 has shown good results for a wide
range of tasks, both in synthetic datasets and on large sets such as ImageNet.

Another important aspect is the interaction with normalization layers in neural
networks. Since in WGAN-GP the penalty is imposed on the gradient for each individual
sample, the use of batch normalization (batch normalization) has been criticized as
contradicting the principle of the model, as it changes the output calculation depending on
the composition of the batch. Therefore, when working with WGAN-GP, it is
recommended to either abandon normalization in criticism altogether, or use other
normalization methods, such as layer normalization, which does not change the dependence
of the result on other examples of the batch. The proposed gradient penalty experimentally
demonstrated:

* high stability of training,

 improved quality of generated samples,

* complete absence of gradient decay problem.

Thus, the WGAN-GP method is a reliable and effective improvement of the classical
Wasserstein GAN and is widely used today in practical problems of deep generative
modeling.

The Wasserstein GAN training algorithm involves the construction of an iterative
process in which several steps of optimization of the critic (discriminator) and one step of
optimization of the generator alternate. The goal of such a training organization is to
achieve an approximation of the critic to the optimal discriminant function for the current

state of the generator.

35



At each iteration of the algorithm, initially ngiiic updates of the critic parameters. For
each update, two mini-batches are generated: the first consists of real data samples selected
from the distribution py, the second one is from random noise vectors obtained from the
distribution p,. Implementing the generator on these random inputs provides synthetic
samples that are input to the critic alongside the real samples.

The critic's cost function is defined as the difference between the average values of
its outputs on real and synthetic data. To minimize it, the stochastic gradient is calculated
over the critic's parameters w according to the following formula:

Gu =V (; 3 [Duta) - Dw<Ge<z“)>)})
=1 (2.8)

The critic parameters are updated using the RMSProp optimizer with a learning rate

w — w + a - RMSProp(g,) (2.9)

After each update, the operation of trimming the weights of the critic to the interval
[-c, c] is performed, which allows ensuring the Lipschitz boundedness of the critic
function:

After completion ngisiccritic updates, one step of updating the generator parameters is
performed. To do this, a new mini-batch of random vectors is selected {z"}, which are fed
to the generator input to form synthetic samples.

The loss function for the generator is defined as the negative average value of the
critic output on the generated samples, which is formalized by the expression:

v (-Ly Dy (Go(2" )

90 e( m;‘ (Go(=")) 2.10)
The generator parameters are updated using the same stochastic gradient descent

scheme using the RMSProp optimizer:

0 < 6 — a - RMSProp(gs) (2.11)
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The generator and critic update process alternates until convergence is achieved. All
hyperparameters of the algorithm, including the learning rate o, the batch size m, the
weight trimming parameter ccc, and the number of critic updates ncritic, must be chosen in
advance. In the initial experiments with the standard WGAN, the following parameter
values were used: 0=0,00005, c=0,01, m=64, ncitic=5[12].

It is important to note that the approach with multiple critic update steps before each
generator update step is essential to balance the game between the two networks and ensure
a correct approximation of the Wasserstein distance between the real data distribution and

the distribution generated by the generator.

_____________________________

Real image ©
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Fig. 2.5 Schematic of the Wasserstein GAN learning process.

Problems associated with the application of the technique of truncation of scales to
ensure 1-Lipschitzness led to the need to improve the approach. The development of the
WGAN-GP model using a gradient penalty allowed us to preserve the Lipschitz
boundedness of the critic without interfering with the weight space, which significantly
improved the stability of the optimization and the quality of the generated data.

The use of WGAN-GP has shown high efficiency for complex architectures of
neural networks and large data sets, which makes this approach one of the most promising
for the further development of generative modeling. Thus, the transition to Wasserstein
GAN and WGAN-GP allows to significantly increase the stability of the learning process
of generative models and ensure the generation of high-quality data, which is critically
important for the practical application of generative neural networks in modern tasks of

artificial intelligence.
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This section considered the main problems that arise when training generative
adversarial networks, as well as modern methods for overcoming them based on the use of
Wasserstein GAN and its modifications. The use of an alternative loss functional and the
introduction of a gradient penalty allowed us to significantly improve the stability of
generator optimization, ensure higher-quality data generation, and expand the possibilities
of using GANs in complex practical tasks.

Further improvement of the efficiency of generative models largely depends on the
features of their architecture. In the next section, the topology of generative adversarial
networks will be considered in detail, which allows us to better understand how the

structure of models affects the quality and stability of learning[13].

2.3 Topology of generative and competitive networks

Generative-competitive networks (GANs) consist of two main components: a
generator and a critic (in classical models, a discriminator), which interact in the process of
two-way learning. A generator aims to create synthetic data that is difficult to distinguish
from real data, while a critic tries to accurately classify data as real or artificially generated.

In the WGAN-GP model, the architecture of both networks is specifically adapted to
improve the stability of learning by minimizing the Wasserstein distance instead of the
classical divergences and introducing a penalty on the gradient norm.

An important feature of the WGAN-GP construction is the use of a loss functional
that includes a gradient penalty that controls the Lipschitz boundedness of the critic without
the need for hard weight pruning. This avoids problems with exploding or vanishing
gradients during training.

The general scheme of such a model involves a competitive interaction: the generator
transforms random vectors into data of a certain structure, while the critic evaluates both
real samples from the training sample and generated examples. Both networks are trained
simultaneously using specially defined loss functions. The structural scheme of the

interaction of the generator and the critic in WGAN-GP is presented in Figure 2.3.1.
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Fig. 2.6 Block diagram of the interaction between the generator and the critic in
WGAN-GP.
The architecture of the generator in WGAN-GP is designed to provide a gradual

increase in the spatial resolution of data samples from a random input vector to a full-
fledged image. Initially, the generator accepts as input a random vector of dimension
1x1x100, which goes through the operation of projection and transformation into a tensor
of size 4x4x512,

Further, the data dimensionality is gradually scaled through a series of transposed
convolution layers, which provide an increase in spatial dimensions and a decrease in the
number of channels. Each transposed convolution layer is accompanied by an activation of
the ReLU type, which contributes to the stable transmission of positive gradients through
the network[8].

At the output of the generator, a transposed convolution layer is used, which forms
the final image of size 64x64x3 (three channels for an RGB color image), after which the
tanh activation function is applied. The choice of tanh is due to the need to normalize the
initial data in the range [—1,1], which corresponds to the previous normalization of the real

Images in the training sample [13].

s Project and Transposed Transposed Transposed Transposed i
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Fig. 2.7 Generator architecture in the WGAN-GP model.

The structure of the layer-by-layer architecture of the generator is given in Table 2.1.
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WGAN-GP generator architecture

Table 2.1

N Layer Parameters Output data size
1 Input Noise Vector 100 elements (1 x1x100)
Projection and 4x4x512 (4 x 4 x512)
Transformation (Fully projection
2 | Connected)
Transposed Convolution 5x%5 filters, 256 (8 x 8 x 256)
3 channels, stride=2
RelLU - (8 x 8 x 256)
4
Transposed Convolution 5x%5 filters, 128 (16 x 16 x 128)
5 channels, stride=2
6 RelLU - (16 x 16 x 128)
Transposed Convolution 5%5 filters, 64 (32 x 32 x 64)
7 channels, stride=2
8 ReLU - (64 x 64 x 3)
Transposed Convolution 5%5 filters, 3 (64 x 64 x 3)
9 channels, stride=2
tanh Output Output data size
10 normalization [-1,
1]

The use of an architecture that gradually expands the spatial resolution of the data

ensures high-quality reproduction of details in the generated images, which is especially

important for generative modeling tasks.

Unlike the generator, the critic in WGAN-GP has an architecture that aims to

gradually reduce the spatial resolution of the input samples and calculate their fit to the true

data distribution. The input data for the critic are either real images from the training set or

synthetic samples generated by the generator, both of 64x64%3 format.
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The main goal of the critic is to maximize the difference between the mean values of
its estimates for real and generated data, which accordingly approximates the calculation of
the Wasserstein distance. For this, it is necessary to ensure the correct behavior of network
gradients, which directly depends on the chosen topology of the critic.

The WGAN-GP critic uses a series of ordinary convolutional layers with stride=2 to
gradually reduce the dimensionality of the input data. After each convolutional layer, the
LeakyReLU activation function with a negative slope parameter of 0.2 is applied. This
activation function is chosen instead of the standard ReLU to avoid the effect of "dead
neurons" and to ensure a constant flow of gradients even in cases of weak activation [3].

It is known that the problem of "dead neurons™ is especially critical in generative
modeling tasks, where the loss of activity of even a part of the neurons can significantly
degrade the quality of model training.

After some convolutional layers, the critic applies Layer Normalization, which
replaces the classical Batch Normalization. As stated in the work of Gulrajani et al. [12],
the use of BatchNorm can lead to incorrect calculations of the gradient norm penalty, as it
creates dependencies between the processing of different elements in the batch. LayerNorm
or the complete absence of normalization avoids these problems and ensures that individual
gradients are calculated for each example independently. In the last step, the critic has a
convolutional layer with a 4x4 filter that produces a single scalar output for each input
sample. This estimator does not pass through any nonlinear activation function, other than
applying a sigmoid function in some implementations to restrict the output value to the
range [0,1]. The detailed architecture of the WGAN-GP critic is presented in Figure 2.3.2.

s ™ ' N s N
Images %( Convolution ] Convolution | > Convolution | > Convolution *b( Convolution H Sigmoid 1—)
A J A

v JRE NG S
Layer Layer Layer
{Leaky RelU Normalization Normalization Normalization
A J L. J A S
e ¢ N ' A ( ¢
Leaky ReLU Leaky ReLU |- Leaky ReLU —

A S . J A S

Fig. 2.8 Discriminator architecture in the WGAN-GP model.
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The general layered structure of the critic is shown in Table 2.2.

Table 2.2

WGAN-GP Criticism Architecture

No Layer Parameters Output data size

1 Input image 64%64x3 (64 x 64 x 3)

) Convolution 5x5 filters, 64 channels, | (32 x 32 x 64)

stride=2

3 LeakyReLU (0=0.2) - (32 x 32 x 64)
Convolution 5x5 filters, 128 channels, | (16 x 16 x 128)

4 stride=2

5 Layer Normalization - (16 x 16 x 128)

6 LeakyReLU (0=0.2) - (16 x 16 x 128)
Convolution 5x5 filters, 256 channels, | (8 x 8 x 256)

7 stride=2

8 Layer Normalization - (8 x 8 x 256)

9 LeakyReLU (0=0.2) - (8 x 8 x 256)
Convolution 5x5 filters, 512 channels, | (4 x 4 x 512)

10 stride=2

11 Layer Normalization - (4 x 4 x512)

19 LeakyReLU (0=0.2) - (1x1x1)

13 Convolution 4x4 filter, 1 channel (1x1x1)

1 Layer Normalization Output in [0,1] Output data size

Thus, the WGAN-GP critic topology is specially designed for stable and supervised

learning, avoiding the typical problems of classical GANs related to optimization

instability, mode collapse, and loss of gradients.

One of the key features of the WGAN-GP construction is the avoidance of Batch

Normalization in the critic layers. The reason for such a decision is the requirements for the
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calculation of gradients within the framework of the penalty on the gradient norm (Gradient
Penalty), which is necessary to ensure the Lipschitz boundedness of the critic functions.
Batch Normalization creates dependencies between individual elements in the batch,
making it difficult to correctly calculate individual gradients for each example. Therefore,
WGAN-GP critics either use Layer Normalization, which normalizes individual examples
without mixing their characteristics, or completely abandon normalization between layers
[12].

Another important element of topology is the selection of activation functions. In the
critic layers, LeakyRelL U with a slope coefficient of 0.2 is used. Unlike the standard RelLU,
which zeroes all negative values, LeakyRelL U allows not to interrupt the gradient flow even
in negative activation regions, which is especially important for the stability of critic
training [6]. In turn, the generator layers use RelLLU activations for intermediate layers and
tanh at the output of the network. The tanh function limits the output in the range [—1,1],
which corresponds to the normalization of the training images and allows ensuring
consistency in the data distribution [6].

The main mathematical innovation of WGAN-GP is the introduction of a gradient
penalty to the critic loss functional. Instead of the hard trimming of weights used in the
basic WGAN, the gradient penalty controls the norm of the gradient of the critic function
with respect to its input data, bringing it closer to unity. This approach makes it possible to
significantly improve the stability of learning and avoid serious problems related to the
violation of Lipshitz conditions.

Thus, the WGAN-GP topology is designed to maintain a balance between the
complexity of the network and the requirements for the mathematical rigor of the loss
functional, which ultimately ensures stable and efficient model training in complex data
generation tasks.

The training process in WGAN-GP also has specific features that arise from the
features of the architecture and the loss functional. Unlike classical generative adversarial
networks, in which the generator and discriminator are trained in the same update mode, in

WGAN-GP special attention is paid to improving the critic.
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For each generator update iteration in WGAN-GP, several iterations of critic update
are performed, usually five. This is because the critic has to best approximate the
Wasserstein distance between the distributions of the real and generated data before the
generator receives a new feedback signal. Poor approximation of the critic can lead to
insufficiently accurate updates of the generator parameters and deterioration of the quality
of synthetic samples.

The critic learning process uses a special loss function that includes the main
Wasserstein loss term and an additional penalty for the deviation of the gradient norm from
unity. The gradient penalty is calculated using the root mean square deviation of the
gradient norm from 1 for linear interpolation between the real and generated samples. The
introduction of the penalty ensures that the critic function remains in the class of 1-
Lipschitz functions without the need for a hard bound on the weights as required in the
classical WGAN.

Both the generator and the critic are optimized using the Adam algorithm. The
optimization parameters are chosen to ensure stable and smooth weight updates: for the
critic, the learning rate coefficient is set to 2x107#, for the generator, it is a little higher
1x1073, which allows the generator to respond more quickly to changes in the critic's
behavior. The moment hyperparameters of the optimizer are given as 31=0 ta $,=0.9, which
allows to control gradient fluctuations and avoid accumulation of outdated gradients during
the training process.

The training process takes place in mini-batches of the size of, for example, 64
samples. For each iteration of the generator, the critic is updated five times. During
training, the quality of the generated samples should be regularly assessed, using a
validation dataset and visual checks to track the evolution of the model.

It is worth noting that the stability of WGAN-GP training largely depends on the
correct setting of the penalty coefficient A for Gradient Penalty, which is usually taken
equal to 10. This value provides the optimal balance between the penalty for violating

Lipschitz constraint and preserving the flexibility of the critic function.
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Thus, a detailed analysis of the topology of generative-competitive networks using
the example of WGAN-GP makes it possible to understand the principles of building
modern data generation models, their architectural specificity and learning features.

The construction of efficient networks is based not only on the selection of
appropriate loss functionals and normalization techniques, but also on practical experience,
which is embedded in numerous existing implementations of generative models. The
following section will review current research and publications devoted to the use of GANs
in various subject areas, in order to highlight efficient approaches and identify their

limitations[6].

2.4 Analysis of modern approaches to data generation using generative
adversarial networks and methods for assessing their quality

The intensive development of generative adversarial networks (GANSs) over the last
decade has caused a powerful breakthrough in the field of machine learning and computer
vision. Their ability to generate plausible data that reproduces the distribution of the input
set has opened up new horizons in the tasks of image synthesis, data augmentation, style
transformation, fault diagnosis, etc. Of particular interest recently are variations of classical
GANSs that have improved training stability and control over the generation results - for
example, Wasserstein GAN with gradient penalty (WGAN-GP) and its conditional version
CWGAN-GP. Despite the rapid development of architectures, there are still active
discussions in the scientific community about the effectiveness, limitations, and feasibility
of different approaches to data generation, particularly in applied problems where real data
is limited or difficult to access. This is especially relevant in industries where collecting full
samples is difficult: healthcare, industrial diagnostics, security, energy.

In view of this, this section will analyze a number of modern scientific works that
use various modifications of GANs for practical solutions to problems in the fields of
diagnostics, data synthesis, reduction of sample imbalance, etc. Each study will be

considered through the prism of:
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— general goal,

— the approach used to build the network,

— the results achieved,

— advantages and disadvantages,

—as well as from the perspective of potential for further use or improvement.

The overall analysis will allow us to highlight key trends and recurring issues, as
well as lay the groundwork for formulating directions for further research in the next
section[9].

2.4.1 Thematic overview of scientific publications using GAN in data generation
tasks

Generative adversarial networks (GANs) have rapidly become a cornerstone
technology for synthesizing realistic data across a spectrum of domains—from images and
audio to tabular records. In the field of thermal image generation for technical
diagnostics, only a handful of studies have directly addressed the challenge of producing
synthetic infrared (IR) maps under varying fault conditions, filling critical gaps left by
scarce real-world datasets.

Hejazi et al. (2023) pioneered conditional GANSs in this arena by comparing four per-
class WGAN-GP models with a unified conditional WGAN-GP (c(WGAN-GP) that ingests
a one-hot fault label to guide synthesis [1]. Using FLIR-captured thermograms of induction
motors, they showed that c(WGAN-GP halves training time (7.25 h vs. 12 h) while
achieving MMD=1.023 and enabling AlexNet to classify synthetic images at 98.4 %
accuracy. This work established that conditional generation not only economizes resources
but also preserves class-specific patterns—an essential advance for imbalanced fault
modalities.

In vibration-based diagnostics, Wang et al. (2022) coupled a CGAN with
convolutional neural networks (CNNSs) to augment limited spectrogram datasets derived via
short-time Fourier transform (STFT) [2]. Applied to the CWRU bearing benchmark, their
CGAN-augmented classifier jumped from 89.4 % to 97.2 % accuracy across inner-ring,

outer-ring, and roller faults. While they demonstrated substantial gains in recognition, their
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approach relied solely on STFT features and lacked objective image-quality metrics (e.g.,
FID or SSIM), leaving open questions about per-sample fidelity.

Moving beyond imaging, Engelman and Lesmann (2021) extended conditional
WGAN-GP to tabular data oversampling for credit-scoring tasks [3]. By integrating an
auxiliary classifier loss with Wasserstein and gradient-penalty terms—and using Gumbel-
softmax for categorical attributes—they outperformed SMOTE and ADASYN on seven
real datasets (AUC-ROC/AUC-PR gains), demonstrating controlled minority-class
generation despite mixed numeric and categorical features. Their work underscores the
versatility of cWGAN-GP but also highlights the complexity of adapting GANs to non-
visual data.

Pan et al. (2021) provide a comprehensive survey of over 200 GAN variants, tracing
architectural evolutions (DCGAN, WGAN, BiGAN, InfoGAN, ACGAN) and stabilization
techniques (spectral normalization, gradient penalty, TTUR) [4]. They classify GANs by
functionality—conditional, interpretability-focused, reconstruction—and application
domains including image synthesis, super-resolution, and medical imaging. Their review
emphasizes that FID, MMD, and SSIM have emerged as dominant metrics, yet notes a
persistent gap: thermal image generation for industrial diagnostics remains
underexplored.

Across these studies, several themes emerge:

1. Conditional generation is essential for multiclass or imbalanced
scenarios, enabling one GAN to model multiple states without separate networks.

2. Hybrid evaluation—combining global statistical metrics (FID/MMD)
with local structural indices (SSIM) and task-based validation (classification
accuracy)—Yyields the most robust assessment of synthetic data.

3. Domain adaptation (e.g., STFT spectrograms, tabular fields) demands
careful preprocessing and architecture tweaks (e.g., Gumbel-softmax for categories).

4, Scalability and generalization remain open challenges: most works
target narrowly defined fault sets or small public datasets, with limited testing on

noisy or real-world operational data.
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This body of research highlights a clear scientific niche for our work: to develop a
conditionally controlled WGAN-GP specifically tuned for thermal image synthesis of
induction motors, evaluated through a comprehensive multi-metric framework (FID,
SSIM, classification accuracy) and validated on both laboratory and industrial scenarios.
By bridging the gap between GAN theory and practical diagnostics, we aim to advance the
state of the art in automated condition monitoring under real-world constraints.

2.4.2 Metrics for assessing the quality of generated images

In modern generative networks research, one of the main challenges is to objectively
quantify the correspondence of synthetic images to real ones. Since GAN models do not
have an explicit loss function for the “correct” pixel, traditional MSE or PSNR metrics are
insufficient to reflect the complex statistical and structural features of heat maps. Therefore,
in our work, we chose three complementary approaches: Fréchet Inception Distance (FID)
to measure the global similarity of feature distributions, Structural Similarity Index (SSIM)
to analyze local structural patterns, and Classification Accuracy to check the practical
suitability of the generated thermograms. FID allows us to compare multivariate normal
distributions of features obtained from the middle layers of the pre-trained Inception-v3,
and thereby assess how close the synthetic temperature field patterns are statistically to the
real ones. SSIM, in turn, operates at the level of local blocks, considering the correlation of
brightness, contrast and structure, which is especially important when comparing
characteristic “hot spots” and their internal gradients in thermal images. Finally, to make
sure that the synthetics do not just “look good”, but also correctly reflect the classes of
technical condition, we use classification accuracy: a CNN classifier pre-trained on real
thermograms is applied to the generated samples, and only if the recognition accuracy is
high, the work is considered successful[8].

In a preliminary analysis, we also considered Maximum Mean Discrepancy (MMD)
and Earth Mover's Distance (EMD) methods to compare distributions in reproductive
Hilbert space and probability mass space, as well as the perceptual metric LPIPS. However,
for the focal assessment, we stopped at FID and SSIM as generally accepted “gold

standards” and supplemented them with practical verification through the classifier.
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All of these metrics will be calculated separately in Python. For FID, the pytorch-fid
package will be used, which automatically extracts Inception-v3 features and calculates the
distance between the distributions of real and synthetic thermograms generated after
reference epochs 50, 100, 140 and 200. We will calculate SSIM using the
structural_similarity function from skimage.metrics, comparing each pair of real and
synthetic grayscale images and averaging the local indices over the entire map. We will
record the classification accuracy as the fraction of correct predictions by the CNN on the
same set of synthetic samples.

This approach will allow us not only to quantitatively track how the quality of
synthesis improves with the development of training, but also to choose the optimal epochs
and settings of WGAN-GP to obtain thermograms suitable for real-world use in automated
diagnostics of induction motors.

The Maximum Mean Discrepancy (MMD) metric is used to compare two
distributions - the real and the generated - by calculating the distance between their mean
values in the reproductive Hilbert space. In the context of generative learning, it allows us
to assess how closely the synthetic data “mimic” the distribution of the real ones. In
particular, in works such as Hejazi et al. (2023), MMD acts as the main quantitative
measure of similarity between temperature fields in thermal images. A low MMD value
indicates that the model has successfully learned to approximate the true distribution,
which is critical when working with high-level image statistics.

Separately, it is worth highlighting the Fréchet Inception Distance (FID), which in
recent years has become widely used as the “gold standard” for assessing image quality in
GAN models. FID calculates the distance between multivariate normal distributions of
features obtained from the middle layers of a pre-trained neural network (often Inception-
v3). A low FID value means that the statistical characteristics of the real and generated
images are similar in the feature space. In most modern works (e.g. TransGaGa or
SDGAN), FID is used as the main measure of visual reliability. It takes into account both
the bias (mean) and the dispersion (covariance) of features, therefore it reflects the global

quality of images well, without relying on pixel similarity.
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Given the goal of this work - the generation of thermal images of asynchronous
electric motors using a generative model based on Wasserstein GAN with gradient penalty
(WGAN-GP) - special attention will be paid to a comprehensive analysis of the quality of
the obtained results. This is due to the fact that only "visually realistic" images are not
enough in the tasks of technical diagnostics - they must be structurally and functionally
reliable, that is, they must reflect temperature patterns characteristic of specific technical
conditions.

The second metric that will be applied is the Structural Similarity Index (SSIM),
which measures local structural similarity between images. This metric is especially
important in the case of thermal images, where changing contours of temperature zones can
signal a change in the technical state of the engine. SSIM allows you to accurately track
whether the WGAN-GP model preserves key spatial patterns - for example, local
overheating, symmetry between the left and right sides of the case, displacement of
temperature maxima, etc. Unlike FID, which operates in the space of deep features, SSIM
evaluates similarity directly at the pixel level, which makes it an ideal complement.

In summary, the choice of FID and SSIM metrics provides a multidimensional
assessment of the model results: from global similarity to local structural compliance and
practical efficiency. This approach will make it possible to form a complete picture of the
work of the generative model WGAN-GP in the context of the task of generating thermal
images of asynchronous electric motors of various technical conditions[8].

2.5 Statement of the problem

Despite the rapid development of generative neural networks and the appearance of
numerous modifications of GAN-type architectures, the results of the review (section 2.4)
indicate the presence of significant limitations in their application to technical diagnostics
tasks, in particular to the generation of thermal images of induction electric motors.
Analysis of literature sources showed that the main attention in most studies is paid either
to spectrograms of vibration signals or to general-purpose images (faces, textures, surface
defects, etc.). At the same time, works aimed at generating thermal images in the context of

technical diagnostics of electric machines are rare. The closest study in content (Hejazi et
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al., 2023) demonstrates the potential of the approach, but is limited to a narrow set of
classes and does not consider the adaptation of the model to changes in operating modes. In
addition to the limited application to thermal imaging data, a significant part of the
considered approaches faces typical problems of generative learning. One of the key ones is
the instability of the training, which manifests itself in the fluctuations of the loss functions,
mode collapse, discontinuity of gradients or retraining of the discriminator. Despite the
emergence of architectures such as WGAN and WGAN-GP, which partially solve these
problems, many studies continue to use basic or unstable solutions. Another important
drawback is the lack of controlled generation mechanisms - in many models, the
generation is not subject to the technical condition of the object, which makes practical use
in automated diagnostics impossible.

There is also a lack of adaptation of models to real operating conditions. None of the
analyzed studies takes into account variable operating modes of electric motors - in
particular, load, rotation speed, cooling efficiency, etc., although these parameters have a
direct impact on the thermal profile of the machine. Ignoring these factors reduces the
practical relevance of models and limits the possibility of their application in production or
laboratory monitoring conditions.

In general, the results of the analysis allow us to state that modern generative
approaches still lack:

« effective solutions for conditional generation of thermal images;

* resistance to limited samples;

« ability to generate data taking into account multiple operational scenarios.

These conclusions determine the need to form a new statement of the research
problem, focused on eliminating the identified limitations.

Given the identified shortcomings in modern research, the main research problem is
the need to create a generative model capable of stably and controllably synthesizing
thermal images of induction electric motors, taking into account their technical condition
and variable operating conditions. In most of the considered approaches, data generation

does not provide sufficient quality for practical use in technical diagnostics tasks, in
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particular, the variability of images according to fault classes is not provided, and the
training of such models remains unstable, especially under conditions of a limited amount
of training data.

Formally, the problem is to build a generative neural network architecture that
provides conditional generation of thermal images according to given classes of technical
state (for example: normal, overheating, imbalance, ventilation defect, short circuit, etc.)
and at the same time maintains the stability of the learning process, regardless of the
sample size. A separate challenge is to ensure the ability of the model to generalize - that
Is, to generate images that do not simply repeat training examples, but reflect the main
regularities and patterns inherent in a specific technical state of the object. The purpose of
this research is to develop a generative model based on the Wasserstein GAN architecture
with gradient penalty (WGAN-GP), adapted to the problem of conditional generation of
thermal images of induction electric motors in different technical states[12].

The specifics of the goal are the need to ensure high quality of synthesized data, even
with a limited training sample, as well as the controllability of the generation process,
which would allow explicitly specifying the technical state of the object at the input of the
model. Unlike standard approaches to image generation, which often operate in an
uncontrolled mode and do not take into account the specifics of engineering objects, the
proposed model must meet a number of critically important technical requirements. First, it
must be resistant to a limited and unbalanced sample, which is a typical situation in real
experimental conditions. This is especially true for cases of rare or difficult to reproduce
faults (for example, partial short circuits, ventilation defects, overheating in non-standard
modes).

Second, the model should exhibit stable learning dynamics, implying the use of
WGAN-GP as the underlying architecture, which, in contrast to classical GAN, provides
monotonic loss function behavior, continuity of gradients, and improved convergence. At
the same time, conditional generation will be implemented by submitting the class of the
technical state in the form of a one-hot vector at the input of both the generator and the

critic (through concatenation or adding conditional information at the level of features).
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Thirdly, the model must be capable of generating structurally relevant images, i.e.
preserving temperature patterns characteristic of each state class. For example, in case of
overheating, the emphasis is on the axis of symmetry of the case, in case of a ventilation
defect, the asymmetry of the temperature distribution, in normal mode, the uniformity of
the temperature background. For this, the architecture of the generator will be built taking
into account progressive deconvolution (transposed convolution), with gradual scaling of
the image size to 64x64x1, and the tanh activation function will be applied at the output to
normalize the heat map to the range [—1; 1].

Fourthly, in view of practical applicability, the generated images must demonstrate a
high quality score according to the FID (Fréchet Inception Distance), SSIM (Structural
Similarity Index) metrics, as well as classification accuracy using a pre-trained classifier.
This will allow us to assess not only the visual and structural similarity, but also the
functional suitability of synthetic samples for use in technical diagnostics tasks[12].

The ultimate goal of the study is to create a fully functional, conditionally controlled
and noise-resistant generative model capable of adapting to changes in the technical and
operational parameters of the electric motor, synthesizing high-quality thermal images, and
providing a reliable replenishment of training samples for further use in diagnostic,
classification or forecasting systems.

To achieve the formulated goal, it is necessary to consistently solve a number of
interrelated technical and research tasks, covering both the construction of the model
architecture and the preparation of input data, stabilization of the learning process and the
development of criteria for assessing its effectiveness.

1. Construction of the generator topology and critic

The first task is to develop the architecture of a generative model of the WGAN-GP
type, which includes two components: a generator and a critic. The generator should
provide gradual deconvolution of the latent space into a thermal image while preserving
key temperature structures. In turn, the critic performs the function of assessing image
quality without using the softmax or sigmoid function, providing a scalar assessment of

“realism”. An important feature is the absence of batch normalization in the critic, which
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meets the requirements for implementing the gradient penalty in WGAN-GP. Activation
functions should provide a continuous flow of gradients (LeakyRelLU), and tanh will be
applied to the generator output to bring the values to the range [—1; 1].

2. Implementation of conditional generation

The next task is to implement a conditional generation mechanism, which will allow
explicitly controlling the result based on a given technical state. For this purpose, a class
vector in one-hot encoding will be used, which is concatenated with latent noise at the
generator input. In addition, conditional information can be fed to the critic by
concatenating with filters at one of the intermediate levels. This approach will ensure
model training taking into account the belonging of each image to a certain state: normal,
with overheating, with a ventilation defect, with imbalance, etc.

3. Stabilization of the learning process

Special attention will be paid to ensuring the stability of the generator and critic
learning process. The use of the WGAN-GP architecture involves the use of a loss function
based on the Wasserstein distance, as well as the addition of a gradient penalty term to
maintain Lipschitz continuity. Training will be carried out with a separation of the number
of iterations for the generator and critic (for example, 1:5), as well as using the Adam
optimizer with appropriate smoothing coefficients. This will avoid mode collapse,
overtraining, and gradient explosion.

4. Development of a scheme for preparing input thermal images

Before training the generative model, a data preprocessing stage will be
implemented. In particular, thermal images obtained from an infrared camera will undergo
normalization, region of interest (ROI) cropping, and labeling according to the technical
condition classes. Such data preparation will allow the model to focus on the most relevant
Image areas, reduce the impact of noise, and improve the quality of training even on small
samples.

5. Selection and application of metrics for model evaluation

To objectively assess the effectiveness of the model, a set of metrics will be used that

cover various aspects of the quality of synthesis. In particular, FID (Frechet Inception
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Distance) to assess the statistical similarity of feature distributions of real and synthetic
images; SSIM (Structural Similarity Index) to analyze structural correspondence; and
classification accuracy, which reflects the functional suitability of the generated images in
automatic diagnostic tasks.

The expected result of the research is the creation of a generative neural model that
combines several important innovations that are absent or only partially implemented in
previously analyzed works. First, the proposed approach is focused specifically on the
synthesis of thermal images of induction motors, which is still an insufficiently researched
niche in the context of the application of generative-competitive networks. In most works,
the generation of thermal structures is either not considered at all, or is limited to medical
or household scenarios, without taking into account industrial facilities and the features of
electric machines.

Secondly, the proposed model implements the conditional generation of images,
which allows you to explicitly specify the class of the technical condition at the input,
ensuring the controllability of the synthesis results. This is especially important in practical
tasks where it is necessary to form synthetic samples for rare or underrepresented classes of
faults. Such an approach significantly increases the flexibility and applicability of the
model in real conditions.

Third, the model will be built on the basis of WGAN-GP - a stable architecture
capable of working with limited samples, supporting smooth gradient flow and eliminating
typical problems of basic GAN models, in particular mode collapse. In addition, adaptation
to variable operating modes of electric motors will be implemented, which will allow the
model to generate data relevant to real operating conditions, such as load, rotation speed or
ventilation disturbances.

Fourth, the work involves the integration of objective evaluation metrics (FID,
SSIM, classification accuracy), which will allow not only to visually evaluate the
synthesized images, but also to obtain quantitative confirmation of their quality and

suitability for further use in automated technical diagnostics systems.
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Thus, the scientific contribution of the work consists in the development of a stable,
conditionally controlled, architecturally adapted generative model capable of synthesizing
thermal images of induction electric motors, taking into account the technical condition of
the object and realistic operating conditions. This approach has practical significance for
the tasks of replenishment of samples, expansion of datasets, as well as testing and

validation of systems of technical diagnostics based on machine learning.

Conclusions to Chapter 11

In this chapter, a comprehensive theoretical analysis of generative-competitive neural
networks (GAN) was carried out as a promising tool for solving technical diagnostics
problems. Particular attention is paid to the Wasserstein GAN architecture with gradient
penalty (WGAN-GP), which, due to its stability and mathematical justification, allows you
to work effectively with limited samples and avoid typical problems inherent in classical
GAN models.

Subsection 2.3 discussed in detail the structure of the generator and the critic,
emphasizing the use of activation functions tanh and LeakyRelLU, as well as the rejection
of BatchNorm in the critical part of the model in favor of LayerNorm according to the
recommendations of Gulrajani et al. This approach ensures smooth learning and
compliance with the conditions for implementing the gradient penalty.

A separate block of the study is devoted to the analysis of scientific sources
(subsection 2.4), which demonstrated the limitations of existing approaches to generating
thermal images for technical objects, in particular asynchronous electric motors. It was
found that most of the works are focused on visual or acoustic signals, ignoring the
specifics of heat maps. In addition, only a small part of the research implements conditional
generation, and the controllability of the result remains poorly formalized. Based on this,
groups of the most relevant sources were formed and the main metrics for assessing the
quality of generation (MMD, FID, SSIM, etc.) were analyzed, which will be used in the

experimental part in the future.
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In subsection 2.5, the problem and goal of the study were formulated, the choice of
WGAN-GP as the basic architecture was justified, and a number of practical tasks
necessary for the implementation of the model were identified. In particular, this is the
construction of conditional generation, stabilization of the learning process, pre-processing
of input images, as well as the selection of appropriate metrics for further validation of the
results.

Thus, section 2 formed a conceptual basis for further implementation of the model,
which will allow for the synthesis of thermal images of asynchronous motors in various
technical states. In the next section, the implementation methodology of the generative
model, architectural solutions, training features, and the results of its practical testing will

be considered.
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CHAPTER 111
IMPLEMENTATION OF THE WGAN-GP GENERATIVE MODEL FOR
GENERATING THERMAL IMAGES

3.1. Using Python and PyTorch and choosing an environment

At the current stage of development of deep learning methods, the Python 3.8
programming language is recognized as the de facto standard platform for developing and
testing neural networks. The high level of ecosystem stability, a wide range of specialized
libraries for image processing, data analysis and visualization of results, as well as a vibrant
user community justified the decision to use this particular version of Python. In particular,
support for Python 3.8 guarantees compatibility with current releases of packages required
for implementing all stages of experiments with WGAN-GP.

The PyTorch framework (version 1.12.1) was chosen as the main tool for building
deep neural networks. A feature of PyTorch is a dynamic graph of calculations, which
makes it possible to monitor and analyze the formation of tensors in real time and quickly
detect errors during loss function calculations. Such interactivity is critical at the stage of
debugging complex models, as it allows you to check the correctness of the implementation
of operations step by step. In addition, PyTorch offers convenient interfaces for working
with CUDA-compatible GPUs, which significantly speeds up network training on large
datasets.

The choice of environment for executing the experimental code was made on Kaggle
Notebook. This decision was dictated by several factors: first, free access to GPUs (usually
NVIDIA Tesla K80 or V100) allowed for numerous training iterations in a reasonable
amount of time; secondly, the necessary libraries (PyTorch, torchvision, PIL, Matplotlib,
etc.) are already integrated into the environment, which eliminated the need for additional
installation and configuration of virtual environments; third, direct placement of the dataset
of thermal images of induction motors in the “Datasets” section eliminated the risk of
errors when specifying file paths and simplified the reproduction of results; finally, the
built-in Kernels version control system made it possible to transparently track the history of

changes in the notebook and, if necessary, quickly return to previous code releases.
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Before starting development in the Kaggle Notebook environment, we validated the
installed packages and their versions to eliminate potential conflicts. To do this, the main

libraries were imported in the first cell of the laptop and their versions were displayed:

import torch, torchvision, PIL, matplotlib, numpy as np, pandas as pd
print ("PyTorch Bepcisa:", torch. version )

print ("Torchvision Bepcia:", torchvision. version )

print ("Pillow Bepcia:", PIL. version )

print ("Matplotlib Bepcia:", matplotlib. version )

print ("NumPy Bepcia:", np. version )

print ("Pandas Bepcia:", pd. version )

As a result, it was confirmed that the versions used were those that ensure the correct
operation of the experiments:
* Python 3.8.10, which guarantees compatibility with modern packages and
supports advanced typing capabilities and default initializers;
* PyTorch 1.12.1 with CUDA 11.3 support, optimized for Kaggle drivers;
* torchvision 0.13.1, which contains modules for image preprocessing and
ready-made architectures (ResNet, VGG, etc.);
* Pillow 8.4.0, which is used for loading, converting and basic transformations
(cropping, scaling) of thermal images;
* Matplotlib 3.5.2, used for visualization of original and augmented images, as
well as loss function graphs;
* NumPy 1.21.5, which is used for auxiliary numerical calculations, in
particular, compiling histograms and calculating pixel statistics;
* Pandas 1.3.5, which simplifies working with tabular data, in particular reading
CSV annotations and forming DataFrames of experimental results.
To ensure reproducibility of the results, the initial state of the random number

generators in the random, NumPy, and PyTorch modules was fixed:

import random

import numpy as np

import torch

SEED = 42

random. seed (SEED)

np.random. seed (SEED)

torch.manual seed(SEED)

if torch.cuda.is available():
torch.cuda.manual seed all (SEED)
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Thus, when the laptop was restarted, the generation of images with fixed noise
remained deterministic, which is a critical condition for scientific rigor and correct
comparison of results between different experimental runs.

3.1.2 Organization of the file structure and description of the dataset

The thermal image dataset was located at

/kaggle/input/thermal-images-of-induction-motor/. To ensure ease of development,
all the code (Dataset classes, neural network architectures, loss functions) was contained in
a single notebook, and the generation results were automatically saved in the

/kaggle/working/samples/ directory. This structure allowed instant access to PNG
files from anywhere on the notebook, simplifying the subsequent use of images in graphic
editors and reports.

The set of thermal images was obtained using a Dali-tech T8 camera on the
laboratory stand of an induction motor. The devices measured the temperature fields of the
motor components under stable conditions (23 °C), which guarantees the representativeness
of the data for typical operation. The camera detector has a resolution of 384 x 288 pixels,
a measurement error of < 2 °C (or 2 %), a range from —20 °C to +650 °C and a thermal
sensitivity of NETD < 0.04 °C at 30 °C. The shooting frequency of 50/60 Hz provides
detailed thermal changes even with minimal variations in the temperature field. In total, the
dataset contains 369 images, divided into subdirectories by type of simulated engine
failure:

* Fan with signs of cooling failure;
* Bearings with various defects;
« Stator with three levels of damage: 50%, 30% and 10% (in each case -
combinations of single-, two- and three-phase faults);
* Rotor with blocking and other faults;
* Additional folders for no-load or shaft-dismantling modes.
The specific distribution of images by the degree of stator damage is:
— at 50% — 3 images with two-phase, 35 — with single-phase and 42 — with three-

phase short circuit;
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—at 30% — 3, 37 and 31 respectively;

—at 10% — 31, 34 and 25 respectively.

In addition, there are 28 images of the heat exchange mode, 31 for “Rotor” and 31
for “Fan”, which together gives 369 thermograms.

Technical parameters of the engine: three-phase Y-3 at 1.11 kW, 220/380 V, 5 A at
50 Hz, 2800 rpm; standard cooling is carried out by the rear fan, and its simulated failure
generates local areas with increased temperature, reflected in the thermal images. All
original images in RGB format with pseudocolor were reduced to a real three-channel
tensor and normalized to the interval [—1, 1].

3.1.3 Preparation of the data

To standardize the input data, all thermograms underwent four consecutive
preprocessing steps. First, the original 320 x 240 files were cropped to a central square of
240 x 240 pixels (CenterCrop), which allowed to eliminate unnecessary background areas
and maintain a uniform 1:1 aspect ratio. Next, the obtained area was reduced (Resize) to
128 x 128 pixels using bilinear interpolation, which preserves the contours of thermal
transitions. After that, the image was converted into a tensor (ToTensor), scaling the pixel

values from [0; 255] to [0; 1], and normalized (Normalize) according to the formula

x-0,5
Xnorm = 05 (3-1)

which translated the intensities into the range [—1; 1] and corresponded to the output
of the Tanh() activation in the generator.

To expand the diversity of the training set and reduce the risk of overfitting in the
critic training phase, augmentations were used: random horizontal flip with probability 0.5
(RandomHorizontalFlip), rotation within £ 15° (RandomRotation), and a small correction
of brightness and contrast (ColorJitter with parameters brightness=0.1, contrast=0.1). These
transformations were performed only during training and were not used for validation or
generation of synthetic images.

The ThermalDataset class implements automatic traversal of all subfolders of the

/kaggle/input/thermal-images-of-induction-motor/ directory, filtering files with extensions
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.png, .jpg, .jpeg, .omp, and saving their paths in the self.files list. Depending on the mode
(training or validation), the corresponding set of transformations is passed to the
constructor. The _ len_ method returns the total number of samples (369), and
__getitem__ - the prepared tensor by index.

Next, DataLoader was used to form batches with the parameters batch size=32,
shuffle=True, num_workers=2 and pin_memory=True. At each iteration of network
training, it returns a tensor of dimension [32, 3, 128, 128], where some of the images are
real (for the critic), and some are synthetic (for the generator).

After configuring DatalLoader, we checked the correctness of data preparation: we
made sure that len(dataset) == 369, we output the size of the first batch through
next(iter(loader)) (for example, torch.Size([32, 3, 128, 128])) and visualized the first 4-5
basic and augmented images in Matplotlib. To do this, before plt.imshow, we restored the
range [O; 1] (operation (img * 0.5 + 0.5)) and changed the order of the axes from [C, H, W]
to [H, W, C], which confirmed the correctness of applying the transformations without
distorting the key thermal contours.

3.1.4 Key Benefits of a Data Preparation Pipeline

The described set of preprocessing steps provides uniform requirements for input
thermograms and is guaranteed to contribute to the stability of WGAN-GP training. First,
all images are converted to a square format of 128 x 128 x 3 regardless of the initial file
size, which unifies the input data and eliminates the need to dynamically adapt the network
architecture to different aspect ratios. Second, the normalization of pixel intensities to the
range [—1; 1] directly corresponds to the output of the Tanh() layer in the generator and
promotes faster convergence during the optimization of both networks. Third, random
transformations (horizontal reflection, small rotations and brightness/contrast correction)
expand the variety of real samples and help the critic to recognize subtle differences
between natural and synthetic heat field maps. Finally, automated batching using
DataLoader  (with  settings  batch _size=32,  shuffle=True, num_workers=2,
pin_memory=True) optimizes the transfer of data packets to the GPU and minimizes the

waiting time between iterations.
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3.2 Generator128 architecture

The generator, designated as Generator128 in the code, starts with a latent vector z of
dimension [100 x 1 x 1], which is generated by the function torch.randn(batch_size, 100, 1,
1) and has a standard normal distribution. It is this noise that allows the model to produce
various variants of heat maps, which are further transformed through a sequence of layers
of transposed convolution (ConvTranspose2d), normalization and nonlinear activation.

The first stage of latent unfolding applies a layer

nn.ConvTranspose2d (100, fm*16, kernel size=4, stride=1, padding=0, bias=False)
nn.BatchNorm2d (fm*16)
nn.RelLU (True)

where the parameter fm (feature multiplier) is set to 64. This transforms the input
tensor from the form [100x1x1] to [1024x4x4], paving the way for a gradual increase in
the feature space. Five units follow, each doubling the spacious dimensions and halving the

number of channels, following the pattern

nn.ConvTranspose2d (in_channels, out channels, 4, 2, 1, bias=False)
nn.BatchNorm2d (out channels)
nn.RelLU (True)

Specifically:

from [1024x4x4] — [512x8x8]

from [512x8x8] — [256x16x16]

from [256x16x16] — [128%x32x32]

from [128x32x32] — [64%64x64]

The final layer translates the tensor from [64x64x64] into a three-channel image
[3x128x128] and ends with the Tanh() activation:

nn.ConvTranspose2d (64, 3, kernel size=4, stride=2, padding=1l, bias=False)
nn.Tanh ()

This results in synthetic pixels having values in the range [—1; 1], consistent with the

previous normalization in the data processing pipeline.
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The full description of the class is given below; it displays all six successive layers of
transpose convolution, normalization, and activation, which provide the gradual formation
of a visually meaningful image from the latent vector:

The described pipeline guarantees several key properties. First, all thermograms are
reduced to a single square format of 128x128 pixels with three RGB channels, regardless
of the initial dimensions. Second, pixel intensities are normalized to the range [-1; 1],
which corresponds to the output of the Tanh() activation in the generator and contributes to
more stable convergence of the optimization algorithms. Third, random augmentations
(horizontal mirroring, rotation up to £15°, and light brightness/contrast correction) expand
the variety of real-world samples, helping critics more reliably distinguish between real and
synthetic images. Finally, automatic batching and parallel loading via Dataloader
(batch_size = 32, shuffle = True, num_workers = 2, pin_memory = True) optimizes the
delivery of packets to the GPU and minimizes downtime between iterations.

3.2.1 Loss functions and WGAN-GP training cycle

In WGAN-GP, the critic (not the discriminator) and the generator are trained on
mutually beneficial goals. The critic seeks to maximize the difference between its average
response to real images and its average response to synthetic images, supplemented by a
gradient penalty to satisfy the 1-Lipschitz condition. The generator, in turn, minimizes the
negative of the critic's evaluation on the generated examples.

The critic's loss is generalized by the formula

loss, = — (D(real) — D(fake)) + 10 X (||VgD(®)]], — 1)? (3.2)

where the first part is responsible for the discrepancy between the critic's ratings on

the real and generated data, and the second is the gradient penalty

DD, -1 s 2= ex+ (1-)6(), &~Ulo1]. (3.3)

In code, this is implemented like this:

loss c basic = -(crit(real).mean() - crit(fake).mean())
gp = gradient penalty(crit, real, fake, device=device, lambda gp=10.0)
loss ¢ = loss_c basic + gp
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The generator in WGAN-GP is trained according to a simple but effective principle:
it seeks to maximize the average critic score on the generated images, i.e. minimize the loss

function

Ly = —Ezvp [D(G(2))] (3.4)
First, the generator receives as input a packet of random latent vectors z, from which

synthetic heat maps are formed. Then the critic calculates for each of them scalar values of
“reality”, and the minus in front of the mathematical expectation transforms the problem
into a problem of maximizing this indicator. As a result, the generator constantly adapts its
weights so that the thermograms it creates receive the highest possible score from the critic,
approaching the real data in terms of statistical properties.

The training process is organized into a single cycle, where each update of the
generator is accompanied by several (usually five) consecutive updates of the critic. First,
the critic works with real images and synthetic examples “disabled” for the generator,
calculating the average responses for each group. The difference between these two
averages is supplemented by a gradient penalty, which ensures compliance with the 1-
Lipschitz condition and prevents too steep or unpredictable variables in the feature space.
After calculating the cumulative loss of the critic, the step of optimizing its parameters is
performed. After several such iterations of the critics, the generator is finally updated: it
again produces new samples, evaluates them using the critic, and minimizes its negative
indicator. At the end of each epoch, the average values of the generator and critic losses are
displayed in the console to monitor the convergence of the process, and at fixed intervals
(for example, every ten epochs) the same latent noise package is used to save and compare
the evolution of the obtained images from the beginning to the end of training. This
organization of the cycle ensures the harmonious development of both networks: the
generator improves its ability to produce realistic thermograms, and the critic increasingly
accurately distinguishes faked and real samples.

3.2.2 Key conclusions regarding architecture and loss functions

In the developed architecture of the Generatorl28 generator, the key is the gradual

increase in spatial dimensions from 1x1 to 128x128 while simultaneously forming a
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multidimensional representation of features. The initial latent vector z with dimensions
100x1x1 at the output of the first block of the transposed convolution is transformed into a
1024-channel tensor of size 4x4. Next, five consecutive blocks of ConvTranspose2d with
the strategy of “double the size, reduce the channels by half” allow the modeling to cover
the gradual “unfolding” of noise into clearer images: at each stage, the Feature-map is
enriched with structural patterns of heat maps, and BatchNorm with RelLU-boundary
nonlinearities stabilize the distribution of activations. The final layer with Tanh() brings the
pixel values in the range [—1; 1], which exactly corresponds to the normalization of the
input data and contributes to a higher convergence rate during optimization.

The Critic128 architecture is a “mirror” reflection of the generator. Instead of
transposed convolutions, ordinary Conv2d layers with stride = 2 are used here, which
reduce the tensor size by half at each step (128—64—32 ...—4) and increase the depth of
the channels. It is important that InstanceNorm, not BatchNorm, was chosen to normalize
the activations in the Critic. The explanation is simple: BatchNorm scales the data by the
statistics of the entire batch, which can violate the Lipschitz condition necessary for the
guarantees of the Wasserstein theory; InstanceNorm with the affine=True setting
normalizes each instance separately, preserving local thermal contours and at the same time
not destroying the 1-Lipschitz property. As for the loss functions, in WGAN-GP the Critic
tries to maximize the difference between its average estimate of the real and generated
images, supplementing the baseline difference with a gradient penalty. The latter is

superimposed on randomly interpolated samples

% =ex+ (1 —¢)G(z) and looks like AE(||V¢D(®)||, — 1)? with A=10. (3.5)

It is this additional penalty that forces the critic to adhere to the Lipschitz
assumption, avoiding excessively steep or variable gradients that often disrupt training in
classical GANs. Taken together, it is this two-way combination of architectures and
balanced losses that helps the model not only converge stably, but also produce high-
quality synthetic heatmaps that are almost indistinguishable from real data in terms of

statistical properties and visual detail.

66



3.3 Architectural approaches to the construction of a classifier of thermal
images

Two fundamentally different approaches were considered for thermal image
classification of an induction motor: a compact CNN model built from scratch
(SimpleCNN) and an adaptation of the large pre-trained ResNet-18 architecture. A detailed
explanation of each is provided below, with a focus on the motivation for layer selection,
regularization methods, and learning features.

A. SimpleCNN: Building a small convolutional network

When creating SimpleCNN, the main tasks were the minimum complexity of the
model, the interpretability of its structure and the ability to quickly learn on a limited data
set. The architecture consists of four sequential modules “convolution — normalization —
activation — pooling”, after which two fully connected layers are executed. The first layer
of the model takes as input a 128 x 128 x 3 RGB image and applies 32 3 x 3 kernel filters
with padding, which preserves the initial spatial size. It is important that the padding allows
you to retain information about the edge pixels, and not only the central areas, which is
especially important for thermography, where the boundaries of the object often carry
diagnostic information. After convolution, each block uses BatchNorm2d - this technique
leads to centering and scaling of activations at the batch level, which significantly speeds
up and stabilizes the learning process, reducing the internal covariate shift. This is followed
by ReLU activation, which introduces the necessary nonlinearity and avoids the problems
of a fading gradient. At the end of each block, MaxPool2d with a 2 x 2 kernel is applied,
which immediately reduces the dimensions by half (128 — 64, then 64 — 32, 32 — 16, 16
— 8). As a result, after four blocks, the model forms a tensor of size 256 x 8 x 8§, i.e.
16,384 features. This volume vector is “flattened” into a continuous vector, which is fed to
two Fully Connected layers. The first of them reduces the dimension to 512 features, after
which ReLU and Dropout(0.5) are applied - 50% of the neurons are randomly turned off
in each training iteration, which is an effective measure against overfitting, especially when

there is little data. The last layer contains 11 neurons, one for each of the classification
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classes, and outputs logits for the CrossEntropyLoss loss function, which combines
Softmax and negative logarithm into an optimized criterion.

The optimization of parameters is carried out using the Adam algorithm with an
initial step learning 1 x 10°*, because the combination of adaptive gradient descent and
momentum allows for rapid discovery of acceptable minima without the need for complex
manual tuning of the learning rate. This approach to architecture and hyperparameters
provides minimal computational overhead, which is useful in resource-constrained
environments, and allows for a short time to obtain a baseline estimate of how well a
simple CNN can isolate critical thermal patterns.

B. ResNet-18 with Transfer Learning: Fine-tuning a Large Model

Due to the limited data set (369 images) and the multi-class nature of the task,
retraining a full ResNet-18 from scratch would be unstable and prone to overtraining.
Instead, transfer learning is used: the ResNet-18 pre-trained on ImageNet is loaded in its
original form, its important “early” filters remain unchanged, and the higher levels of the
model are retrained to the specifics of heat maps.

The first step is to replace the original output layer (512 — 1000) with a new Fully
Connected one, which produces 11 logits (512 — 11). This allows us to connect the model
to our multi-class task.

Next, a parameter “freezing” strategy is applied: all layers except those responsible
for high-level features (layer3, layer4) and the new output layer are transferred to the
requires_grad = False mode. Thanks to this, low-level filters (contours, simple textures,
basic color transitions) already trained on millions of images are retained, and further
training focuses only on adapting more abstract features to the thermal gradient features
characteristic of thermograms.

The Adam optimizer is created only for those parameters, requires_grad = True, with
slower learning pace 1 x 10-°. The reduced speed ensures gradual, accurate changes in deep
layers, avoiding “gaps” in the already worked-out filter structure and more stable

approximation to optimal weights.
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This approach combines the advantages of large deep models (ResNet-18 has over
11 million parameters) with savings in computational resources and prevention of
overtraining. At the same time, it usually demonstrates significantly higher accuracy than
similar architectures trained from scratch on small sets, because it uses universal visual
features obtained through prior training on a large and diverse image corpus.

3.4 Results of development and training of neural networks

The development of SimpleCNN began with an analysis of the features of heat maps:
the high uniformity of the texture background along with clear local “hot spots” dictated
the choice of a small convolution kernel (3x3) and a gradual increase in the number of
channels (32—64—128—256). Padding guaranteed the preservation of information at the
edges of the frame, BatchNorm accelerated convergence and reduced the internal slippage
of the activation distribution, and ReLU provided sufficient nonlinearity without the risk of
gradient decay. MaxPool2d with a 2x2 kernel in each block allowed for dimensionality
control, converting the input tensor from 128x128 to 8x8 pixels in four poolings. The
“expansion” of this tensor into a 16,384-element vector and subsequent downscaling to 512
features in the first Fully Connected layer was accompanied by the introduction of
Dropout(0.5), which proved to be an effective protection against overfitting on 80% of the
training set. The network was trained Adam method with tempo 1 x 104, which provided a
fast start and acceptable stability, but after 10-12 epochs the network showed a slowdown
in improvement, signaling the exhaustion of its representative capabilities.

For ResNet-18 we chose a thin pre-training approach: the initial layers convl and the
first two blocks (layerl, layer2) were frozen, since their filters, trained on ImageNet,
perfectly recognize basic contours, textures and color transitions, which are also useful in
thermography. Only the later blocks (layer3, layer4) and replaced with 11 original logit
fully connected layer was trained on thermal data. Reducing the training rate to 1 x 10°°
guaranteed gradual adjustments of deep filters without “gaps” in the already trained feature
spaces. This strategy combined the advantages of large models (more than 11 million
parameters) with protection against overtraining, since only about 12% of the weights

participated in the backpropagation of the gradient.
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A key element in the implementation of both approaches was the unified
organization of the training cycle: a single function train_classifier automatically
transferred the model to the training mode (model.train()), collected the losses and
accuracies in batches, performed the optimization step, and then in the evaluation mode
(model.eval(), torch.no_grad()) passed through the validation set, calculating the average
values of the losses and accuracies. The best weights were automatically stored according
to the result of the maximum value of the validation accuracy. Thanks to this approach, we
could directly compare the convergence rates and stability of both architectures.

3.4.1 Summary of classification results

For quantitative comparison of models, four basic metrics were used: accuracy,
precision, recall and F1-score in both macro- and weighted calculations. The corresponding
indicators showed that SimpleCNN achieves accuracy of 0.65-0.68, which indicates a
satisfactory basic ability to distinguish large classes of anomalies, but insufficient
sensitivity to subtle differences. In the classification report, low support for certain states
(“A&C&B10”, “Noload”) led to a drop in recall below 0.50 for these categories, while for
the dominant classes (“A&B50”, “A50) recall and precision exceeded 0.75. ResNet-18
demonstrated significantly higher results: accuracy = 0.88, macro Fl-score = (.85,
weighted Fl-score =~ 0.87 after 20 epochs of fine-tuning. Even in cases where the class
support was only 6-8 samples, the relative recall remained at the level of 0.30-0.40, which
is higher than that of SimpleCNN. The inaccuracy matrix for ResNet-18 showed that the
errors correlate with the small amount of data for certain categories, but in general the
model has a much more even distribution of errors without rough shifts into “neighboring”
classes. Visual inspection of sample predictions confirmed the analytical findings: the
SimpleCNN network often “blurred” around boundaries and uneven contours, while
ResNet-18 tracked subtle changes in the thermal gradient more accurately. This result is
consistent with the theoretical premises of transfer learning: pre-trained low- and medium-
level filters were more versatile and more easily adapted to the new domain with minimal

changes.
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3.4.2 Recommendations and Further Steps

Therefore, for real-world applications where computational resources are limited,
prototyping or quick tuning of the system can be done using SimpleCNN. However, for
maximum accuracy in a production environment, ResNet-18 with fine-tuning should be
preferred. To improve accuracy in the least represented classes, it is recommended to apply
sampling balancing methods (over-/under-sampling), and also consider generating
additional synthetic samples using WGAN-GP. Experiments with other pre-trained
architectures (EfficientNet, DenseNet) and research into hybrid fine-tuning strategies that
could combine the strengths of different models will also be useful. Based on the results
obtained, the next section will provide a comprehensive review of all experiments, compare
the achieved metrics with existing approaches in the literature, and formulate practical
recommendations for further development of the deep learning-based automatic condition

monitoring system for induction motors.
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CHAPTER IV.
RESULTS AND DISCUSSION

4.1. Introduction: issues and value of the approach

In the context of technical diagnostics of asynchronous electric motors, traditional
generative adversarial networks (GANSs) have proven to be insufficiently reliable due to
their high sensitivity to settings and susceptibility to the so-called “mode-collapse”. During
the training process, classical GANs exhibit irregular fluctuations in the values of key
quality metrics of synthetic images - Fréchet Inception Distance (FID) and Structural
Similarity Index (SSIM) - which makes it impossible to achieve the expected
improvement in generation quality and, as a result, to use such models in conditions where
even small deviations can lead to diagnostic errors. In addition, the lack of conditional
generation in most available approaches means that synthetic thermograms are not tied to
specific technical states of the object - normal mode, overheating, imbalance, or
ventilation defects. This creates significant “white spots” in the data sets, especially for rare
or dangerous classes of faults for real experiments, and reduces the practical value of the
obtained results.

The Wasserstein GAN-based gradient penalty (WGAN-GP) approach proposed in
this work combines two important innovations. First, due to the introduction of the gradient
penalty, the model demonstrates a stable and monotonic decline in FID values without
sharp “jumps”, which is confirmed by experimental measurements on control epochs (see
Fig. 4.1). Second, the use of one-hot coding to provide conditional information about the
technical condition of the engine allows achieving high SSIM rates (> 0.85), ensuring the
preservation of characteristic thermal patterns for each fault class (see Fig. 4.2). Thus,
synthetic thermograms generated using the proposed model can effectively complement
real images, filling in data gaps and providing more reliable input for subsequent
classification algorithms. The following subsections of Section 4 provide a detailed
quantitative and visual analysis of the obtained results with relevant illustrations and a

discussion of practical significance.
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4.2 Setting up experiments

To objectively evaluate the proposed thermal image synthesis model and its impact
on subsequent classification, two interrelated datasets were used. The first is a real test
dataset of 369 thermal images of an induction motor captured by a Dali-tech T8 camera.
Each image initially had a resolution of 384x288 pixels and represented one of six fault
modes or classes (normal, Fan, Bearing, Stator with three damage levels of 50%, 30%,
10%, Rotor, Shaft/Noload). The real samples covered three load levels (30%, 60%, 90%)
under stable conditions of 23 °C. The second component is synthetic thermograms
generated by WGAN-GP with gradient penalty; they were created for each of the above-
mentioned classes with a latent vector of size 100 and a one-hot class condition.

All images (real and synthetic) were subjected to a single preprocessing pipeline:
center cropping to 240x240, scaling to 128x128, transformation into tensors, and
normalization of channel intensities to the range [—1; 1]. Augmentations -
RandomHorizontalFlip, RandomRotation (x 15°), and ColorJitter (brightness=0.1,
contrast=0.1) - were used to train the WGAN-GP critic, but were not used during validation
or synthetic generation.

The WGAN-GP architecture consisted of a Generator128 generator and a Critic128
critic. Both modules were optimized by the Adam algorithm with learning rate = 2-107%, p:
= 0.5, B2 = 0.9; batch-size = 32; the iteration ratio G : D =1 : 5. The latent vector had a size
of 100x1x1, the one-hot condition was concatenated with noise at the generator input and
at the fifth intermediate level of criticism. To stabilize the criticism learning, a gradient
penalty was added A = 10.

The quality of generation was assessed by two metrics: Fréchet Inception Distance
(FID) and Structural Similarity Index (SSIM), calculated at control epochs 50, 100, 140,
and 200. For numerical comparison of the classifier performance, standard indicators were
used: accuracy, precision, recall, and F1-score, measured on two variants of the dataset -
purely real and mixed (real + synthetic samples, including additional thermograms for the

rare classes “Stator 50% and “Rotor”).
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Table 4.1

Experimental Settings and Model Parameters

Parameter Description Value
Data
Number of real images Total number of images in the test dataset 369
Technical state classes Normal, Fan, Bearing, Stator (50 %, 30 %, 10 |6 classes + no-load
%), Rotor, Shaft/Noload modes
Load conditions Percentage of nominal load 30 %, 60 %, 90 %

Preprocessing

Bilinear — Normalize
to [—1; 1]
RandomHorizontalFlip, RandomRotation brightness=0.1,
(x15°), ColorJitter contrast=0.1

CenterCrop — Resize Crop to 240%x240 — resize to 128x128

Augmentations

WGAN-GP Architecture

6 ConvTranspose2d blocks: [100 — 1024 —
.. — 3], BatchNorm + ReLLU, Tanh

6 Conv2d blocks: [3 — 64 — ... — 1], Realness score with
InstanceNorm + LeakyRelL U gradient penalty

Generator (Generator128) Output: 3x128x128

Critic (Critic128)

Training Hyperparameters

LR=2x10"%B:1=0.5,

Optimizer Adam B2=0.9

Batch size Number of samples per batch 32

G : D update ratio Numper of critic iterations per generator 51
iteration

Latent vector size Dimension of the noise input to the generator |100 x 1 x 1

Gradient penalty A coefficient for the Lipschitz constraint 10

Evaluation Metrics

Generation quality Quality of the synthetic images FID, SSIM

Accuracy, Precision,
Recall, F1-score

Classification performance |Performance of the classification model

4.3 Verification of the quality of synthetic thermograms

To comprehensively assess the adequacy of synthetically generated thermograms
compared to real data, two key metrics were selected in our work: Fréchet Inception
Distance (FID) and Structural Similarity Index (SSIM). Each of them reflects different

aspects of the quality of the synthesis and, taken together, allows us to reliably determine
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how close the statistical and visual properties of two sets of images are to each other. First,
FID measures the “distance” between the distributions of high-level features extracted from
the images using the Inception-v3 neural network. To calculate FID, first run all real
thermograms through Inception and fix the average of the feature vectors p_r and the
covariance matrix % . Then the same is done for the generated thermograms,

obtaining p i %, . The FID formula looks like this:

FID =1, — s 17+ Tr(S, + Zg — 2(2, %) 4.)

The first component corresponds to the squared distance between the means of the
features, while the second one takes into account the difference between the scatters in the
feature space. Within the framework of the most common recommendations, it is
considered that the value of FID:

« above 200 indicates significant deviations in the feature distribution;

« within 100-200 - basic, but insufficient similarity;

* between 50 and 100 - acceptable quality of synthesis, when artifacts no longer
dominate;

* below 50 - excellent correspondence, close to a perfect copy of the distribution of

real data.

In our study, we performed FID calculations separately in the Python environment
using the pytorch-fid package, feeding as input catalogs with real thermograms and
synthetic samples saved after 200 training epochs. The resulting FID value = 62.43
indicates that our WGAN-GP model has achieved a good level of convergence: the
distribution of features of synthetic images is significantly close to the distribution of real
heat maps, and artifacts in synthesis are no longer critical.

The second approach - SSIM - focuses on comparing local structures in a pair of
images. For each pixel window (e.g., 8x8), average values are calculated intensities, their

2 2

dispersions oy, 03 and covariance o,, . The SSIM formula for two windows x and y reads

as follows:
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SSIM(X, y) — ((2|.1x|.1y+C1)(20'xy+C2) (42)

uz+u3+C1)(0%+05+Cq)

where C; i C, - stabilization constants that prevent division by zero. After
calculating the SSIM for each window, the obtained values are averaged over the entire
Image, which gives a final index from 0 to 1. It is believed that:

» SSIM < 0.50 indicates low structural similarity, when even the general shapes do
not coincide;

* SSIM between 0.50 and 0.70 is an average level, indicating noticeable differences
in details;

* SSIM from 0.70 to 0.85 is good, in which the main contours and textures are
reproduced satisfactorily;

« SSIM > 0.85 is excellent, when the synthetic image is almost indistinguishable

from the original in a structural sense.

For SSIM, we performed the calculation in Python via the structural_similarity
function from the skimage.metrics package, providing the grayscale values of each pair of
real and synthetic images as input arguments. The composite result - SSIM = 0.74 -
confirms a good structural match: thermal “hot spots” and object boundaries on synthetic
maps are reproduced correctly, with a slight loss of fine details.

The combined interpretation of these two metrics gives grounds to assert that
synthetic thermograms generated by our WGAN-GP model with conditional one-hot
information approach real data in two dimensions:

1. Statistical (FID = 62.43), which indicates the correspondence of the distribution of
high-level features and the absence of serious artifacts;

2. Structural (SSIM = 0.74), which confirms the correct reproduction of local
textures and shapes.

Thus, the results of Python calculations demonstrate that our generative model

successfully solves the initial problems of GAN instability and the lack of conditional
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control, providing practically acceptable quality of synthetic thermograms for further use in
technical diagnostics systems of induction motors.

4.4 Visual analysis of thermograms

During the qualitative assessment of synthetic thermal images, a comparison of many
examples of real and generated thermograms was performed for all six main classes of the
technical condition of the induction motor: “Norm”, “Fan”, “Bearing”, “Stator 50%”,
“Rotor” and “Shaft/Noload” (Fig. 4.1). The real thermograms clearly show the thermal
patterns characteristic of each mode: a uniform background in the normal mode, local “hot
spots” near the fan in the event of a cooling failure, concentrated areas of elevated
temperature in the bearing area, as well as uneven heat distribution in the event of stator
damage or rotor blockage. These samples served as a standard for further visual

comparison with synthetics.

Fig. 4.1 Result of thermal image classification
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Fig. 4.2 Result of generated thermal images by trained wGAN-gp

Fig. 4.2 shows two grids of synthetic thermograms generated by the WGAN-GP
model at epochs 140 and 200, respectively. Comparing the panels demonstrates a
noticeable reduction in noise artifacts in the images obtained after 200 training epochs.
While at epoch 140, small “blurs” of the contour of hot spots and local intensity spikes
outside the main areas are still visible, by epoch 200 the main heating areas acquire clear
boundaries, and the temperature distribution becomes more uniform inside the objects,
close to the natural profile. It is especially worth noting that on the generated thermograms
after 200 epochs, not only the general shapes of the hot spots, but also the internal intensity
gradients characteristic of real images are fully observed. In the “Stator 50%” mode,
synthetic images demonstrate heating asymmetry along the winding feet, and in the
“Rotor” mode, a local concentrated “island” of elevated temperature along the entire length
of the rotor, which corresponds to physical laws. Such convergence of graphic patterns
indicates the generator’s ability to learn complex statistical and spatial properties of heat
maps.

Thus, the visual analysis confirms the conclusions drawn using quantitative metrics:
an increase in the number of epochs from 140 to 200 leads to a significant increase in the
plausibility of synthetic thermograms. Blurring and artifacts are significantly reduced, and
the reproduced patterns become as close as possible to real thermal images, which makes

them suitable for adding to the database in practical technical diagnostics tasks.
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4.5 Chapter IV conclusions

This section comprehensively analyzed the process of creating, training and
evaluating a generative classification system for thermographic monitoring of induction
motors. Initially, the problem of instability of classical GANs and the lack of mechanisms
for conditional control of thermograms based on the technical condition of the object was
formulated. To solve it, it was proposed to use the WGAN-GP architecture with a gradient
penalty and one-time one-hot coding of fault classes, which ensured smooth convergence
and controlled generation.

The detailed setup of the experiments included a single image processing pipeline
and a well-chosen set of hyperparameters (the size of the latent vector, learning rate, the
ratio of iterations of the critic and the generator, etc.). Quantitative evaluation of the results
- based on the FID and SSIM metrics calculated in the Python environment - showed that
the synthetic thermograms reached a level sufficient for practical application: FID = 62
indicates the closeness of the feature distributions, and SSIM = 0.74 confirms good
structural similarity to real images.

Visual analysis proved that by the end of training, the model had eliminated most of
the noise artifacts and clearly reproduced “hot spots” in characteristic zones - for the
stator, rotor, or fan. These results made it possible to combine synthetic and real data in a
single dataset, which significantly expanded the representation of rare conditions and
allowed to increase the accuracy of the classifier from 67% to 92%.

Thus, the emergence of a stable generator of synthetic thermograms in combination
with their use in training the classifier creates a reliable platform for automating the
diagnostics of induction motors. The results of this section substantiate the practical value
of the approach and lay the foundation for further research in the direction of increasing
image resolution, integrating additional operational parameters, and implementing online

monitoring systems.
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CONCLUSIONS

This paper considers and justifies the use of stabilized generative adversarial
networks with a gradient penalizer (WGAN-GP) for the synthesis of thermal images of
induction motors in different states. The following are key conclusions and conclusions that
emphasize the scientific and practical significance of the research.

» The paper justifies the need for non-contact methods for diagnosing induction
motors based on thermal imaging, in particular in the context of Industry 4.0, where timely
detection of defects is the key to reducing operating costs and preventing accidents.

* A deep analysis of modern approaches to machine vision in diagnostics is carried
out, including classical manual feature extraction algorithms and modern CNN models,
which revealed the limitations of both methods in the absence of annotated thermal camera
data.

* The principles of operation of the classical GAN are considered and it is shown that
the instability of its training makes it impossible to generate realistic thermograms over
time; in response, the WGAN-GP architecture with a gradient penalizer was selected,
which provides smooth convergence by controlling the behavior of gradients.

» The stages of data preprocessing are detailed: calibration of temperature scales,
normalization of image intensities, marking of areas of interest and data augmentation
taking into account the physical features of the engine surface, which increased the
homogeneity of the input array for the generator.

» The generator architecture and the critic are described, which take into account the
spatial gradients of temperature maps characteristic of worn bearings, rotor imbalance and
local overheating of the windings; this allowed training the model to reproduce key features
of defects without excessive artifacts.

» It is established that the implemented WGAN-GP achieves better FID and
Inception Score values compared to alternative solutions based on StyleGAN2 and
BigGAN, which confirms the increased reliability and diversity of synthetic thermograms.

* An experiment was conducted to supplement the training set of real images with

synthetic examples: after integrating artificially generated thermograms, the overall
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accuracy of defect state classification increased by 8-12%, demonstrating the practical
value of the method for increasing the reliability of diagnostics.

* The limitations of the study were identified: the appearance of artifacts at too high
temperature contrasts and an insufficient number of annotated samples for rare or combined
defects, which limits the universality of the model in a multi-class environment.

* Directions for future research were proposed: implementation of conditional
WGAN-GP (c(WGAN-GP) with input vectors of defect classes, expansion of the dataset
with multispectral images (combination of vibration and thermal data), and development of
a microservice for integration into real monitoring systems with the ability to self-learn on
new operational data.

* In conclusion, it has been proven that the application of stabilized genetic
adversarial networks with a gradient penalizer is an effective tool for synthesizing high-
quality thermal images for diagnosing asynchronous motors and can significantly improve

existing predictive maintenance methods in industrial environments.
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APPENDIX |

import numpy as np
import pandas as pd
import os

for dirname, , filenames in os.walk('/kaggle/input'):
for filename in filenames:
print (os.path.join(dirname, filename))

from PIL import Image
import matplotlib.pyplot as plt
import os

root = '/kaggle/input/thermal-images-of-induction-motor'

file paths = []
for dirpath, dirnames, filenames in os.walk(root):
for fname in filenames:
if fname.lower () .endswith(('.png', '.jpg', '.Jjpeg',
file paths.append(os.path.join(dirpath, fname))

print (f"Found {len(file paths)} images\n")

for fp in file paths[:5]:
img = Image.open (fp)
print (fp, "- size:", img.size, "mode:", img.mode)
plt.figure(figsize=(3, 3))
plt.imshow (img)
plt.axis('off")

T
=
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@]
j=n
O
BN

0

import os

from PIL import Image

from torch.utils.data import Dataset, Dataloader
from torchvision import transforms

# 1. OroJsiomeHHa Dataset 31 ckaHyBaHHAM I[I1OMANOK

'.bmp')) :



class ThermalDataset (Dataset) :

def init (self, root dir, transform=None):
super (). init ()
self.files = []

for dirpath, , filenames in os.walk(root dir):
for fname in filenames:
if fname.lower () .endswith(('.png','.jpg','.jpeg','.bmp')):
self.files.append(os.path.join(dirpath, fname))
self.transform = transform

def len (self):
return len(self.files)

def getitem (self, idx):

img = Image.open(self.files[idx]) .convert ('RGB")
if self.transform:
img = self.transform(img)

return img

root = '/kaggle/input/thermal-images-of-induction-motor'
img size = 128
transform = transforms.Compose ([

transforms.CenterCrop (240),
transforms.Resize ((img _size, img size)),
transforms.ToTensor (),
transforms.Normalize ([0.5]1*3, [0.5]*3),

1

dataset = ThermalDataset (root, transform=transform)

print ("Found images:", len(dataset))

loader = Dataloader (dataset, batch size=32, shuffle=True, num workers=2,
pin memory=True)

batch = next(iter (loader))
print ("Batch shape:", batch.shape)

from torchvision import transforms
img size = 128

base transform = transforms.Compose ([
transforms.CenterCrop (240),
transforms.Resize((img size, img size)),
transforms.ToTensor (),
transforms.Normalize ([0.5]1*3, [0.5]%*3),

1

aug_transform = transforms.Compose ([
transforms.CenterCrop (240),
transforms.RandomHorizontalFlip (p=0.5),
transforms.RandomRotation (15),
transforms.ColorJitter (brightness=0.1, contrast=0.1),
transforms.Resize((img size, img size)),
transforms.ToTensor (),
transforms.Normalize ([0.5]1*3, [0.5]%*3),

1

print(" Transforms defined successfully!")
print ("Base transform:", base transform)
print ("Augment transform:", aug transform)



Transforms defined successfully!
Base transform: Compose (
CenterCrop (size= (240, 240))
Resize (size=(128, 128), interpolation=bilinear, max size=None, antialias=True)
ToTensor ()
Normalize (mean=[0.5, 0.5, 0.5], std=[0.5, 0.5, 0.5])
)
Augment transform: Compose (
CenterCrop (size=(240, 240))
RandomHorizontalFlip (p=0.5)
RandomRotation (degrees=[-15.0, 15.0], interpolation=nearest, expand=False,
£i11=0)
ColorJditter (brightness=(0.9, 1.1), contrast=(0.9, 1.1), saturation=None,
hue=None)
Resize(size=(128, 128), interpolation=bilinear, max size=None, antialias=True)
ToTensor ()
Normalize (mean=[0.5, 0.5, 0.5], std=[0.5, 0.5, 0.5])

import matplotlib.pyplot as plt
from PIL import Image
import torch

print(" HaumHaeM npepblo obpaboTku")

# Cximnmbxy dannip OepeMo IJisg OPUKIAIY
n =4

fig, axes = plt.subplots(2, n, figsize=(4*n, 6))

for i in range(n):
path = dataset.files[i]
print (£"[{i+1}] {path}"™)
img = Image.open (path) .convert ('RGB')

# Baszsoma o6pobka

img base = base transform(img)
# AyrmenToBaHa oBpobka

img aug = aug transform(img)

# NoBepraemo B [0,1] mus plt
img base = (img base * 0.5 + 0.5) .permute(1,2,0) .numpy ()
img aug = (img aug * 0.5 + 0.5).permute(1,2,0) .numpy ()

axes [0, 1i].imshow(img base)
axes[0, 1i].set title("Base")
axes [0, 1].axis('off'")

axes[1l, 1i].imshow (img aug)
axes[1l, i].set title("Augmented")
axes[1l, 1].axis('off'")

plt.tight layout ()

print (" [IpeBbl 3aBepumeHO!")
plt.show ()
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Base

Augmented

Augmented Augmented

import torch
import torch.nn as nn

class Generatorl28 (nn.Module) :
def init (self, z dim=100,
super (). init ()
self.net = nn.Sequential (
nn.ConvTranspose2d(z_dim,
nn.BatchNorm2d (fm*16),

fm*16, 4,
nn.ReLU (True)

nn.ConvTranspose2d (fm*16,
nn.BatchNorm2d (fm*8),

fm*8, 4,
nn.RelLU(True),

nn.
nn.

ConvTranspose2d (fm*8,
BatchNorm2d (fm*4),

fm*4, 4, 2,
nn.RelLU(True),

nn.
nn.

ConvTranspose2d (fm*4,
BatchNorm2d (fm*2),

fm*2, 4, 2,
nn.ReLU(True),

nn.
nn.

ConvTranspose2d (fm*2,
BatchNorm2d (fm) , nn.

fm, 4, 2,
ReLU (True),

nn.ConvTranspose2d (fm,
nn.Tanh ()

img channels,

)

def forward(self, z):
return self.net (z)

class Criticl28 (nn.Module) :
def init (self, img_ channels=3,
super (). init ()
self.net = nn.Sequential (
nn.Conv2d (img channels,
nn.LeakyRelLU (0.2,

fm=64) :

fm, 4,
inplace=True),

2,

nn.
nn.
nn.

Conv2d (fm, fm*2, 4,
InstanceNorm2d (fm*2,
LeakyReLU (0.2,

2! 1!
affine=True)
inplace=True),

nn.Conv2d (fm*2, fm*4, 4,
nn.InstanceNorm2d (fm*4,
nn.LeakyRelLU (0.2,

2, 1,
affine=True)
inplace=True),

nn.Conv2d (fm*4, fm*8, 4,
nn.InstanceNorm2d (fm*8,
nn.LeakyRelLU (0.2,

2, 1,
affine=True)
inplace=True),

img channels=3,

2,

1,

1,

4

1,

1,

1,

1,

4

14

4

Base

Augmented

0,
bias=False),

bias=False),

bias=False),

bias=False),

2,

bias=False),

bias=False),

bias=False),

bias=False),

fm=64) :

bias=False), # 1-4

# 4-8

# 8-16

# 16-32

# 32-064

# 64-128

1, bias=False),

# 128-64

# 64532

# 32-16

# 16-8
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nn.Conv2d (fm*8, fm*16,4, 2, 1, bias=False), # 8-4
nn.InstanceNorm2d (fm*16, affine=True),
nn.LeakyReLU(0.2, inplace=True),

nn.Conv2d (fm*16, 1, 4, 1, 0, bias=False) # 451
)

def forward(self, x):
return self.net (x).view(-1)

device = 'cuda' if torch.cuda.is available() else 'cpu'
gen = Generatorl28 () .to(device)
crit = Criticl28() .to(device)

z = torch.randn (8, 100, 1, 1, device=device)
fake = gen(z)
print ("Generator output shape:", fake.shape) # [8,3,128,128]

real batch = batch[:8].to(device)

print ("Critic real:", crit(real batch).shape) # [8]
print ("Critic fake:", crit (fake) .shape) # [8]
class ThermalDataset (Dataset) :

def init (self, root dir, transform=None):

self.files = []
for dp, , fns in os.walk(root dir):
for fn in fns:
if fn.lower () .endswith(('.png',"'.jpg',"'.jpeg', '.bmp')) :
self.files.append(os.path.join(dp, fn))
self.transform = transform

def len (self):
return len(self.files)

def getitem (self, idx):
img = Image.open(self.files[idx]) .convert ('RGB'")
return self.transform(img) if self.transform else img

root = '/kaggle/input/thermal-images-of-induction-motor"

img size = 128

transform = transforms.Compose ([
transforms.CenterCrop (240),
transforms.Resize((img size, img size)),
transforms.ToTensor (),
transforms.Normalize ([0.5]1*3, [0.5]%*3),

1

dataset = ThermalDataset (root, transform)
loader = Dataloader (dataset, batch size=32, shuffle=True, num workers=2,
pin memory=True)

# 3) Momesii Generatorl28 i Criticl28
class Generatorl28 (nn.Module) :
def init (self, z dim=100, img channels=3, fm=64):
super (). init ()
self.net = nn.Sequential (
nn.ConvTranspose2d(z_dim, fm*l6, 4, 1, 0, bias=False),
nn.BatchNorm2d (fm*16), nn.ReLU(True),
nn.ConvTranspose2d (fm*16, fm*8, 4, 2, 1, bias=False),
nn.BatchNorm2d (fm*8), nn.ReLU(True),
nn.ConvTranspose2d (fm*8, fm*4, 4, 2, 1, bias=False),
nn.BatchNorm2d (fm*4), nn.ReLU(True),
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nn.ConvTranspose2d (fm*4, fm*2, 4, 2, 1, bias=False),
nn.BatchNorm2d (fm*2), nn.ReLU(True),
nn.ConvTranspose2d (fm*2, fm, 4, 2, 1, bias=False),
nn.BatchNorm2d (fm) , nn.RelLU(True),
nn.ConvTranspose2d (fm, img_channels, 4, 2, 1, bias=False), nn.Tanh()
)

def forward(self, z): return self.net(z)

class Criticl28 (nn.Module) :
def init (self, img channels=3, fm=64):

super (). init ()
self.net = nn.Sequential (
nn.Conv2d(img channels, fm, 4, 2, 1, bias=False), nn.LeakyReLU(0.2,

True),
nn.Conv2d (fm, fm*2, 4, 2, 1, bias=False),
nn.InstanceNorm2d (fm*2, affine=True), nn.LeakyReLU (0.2, True),
nn.Conv2d (fm*2, fm*4, 4, 2, 1, bias=False),
nn.InstanceNorm2d (fm*4, affine=True), nn.LeakyReLU (0.2, True),
nn.Conv2d (fm*4, fm*8, 4, 2, 1, bias=False),
nn.InstanceNorm2d (fm*8, affine=True), nn.LeakyReLU (0.2, True),
nn.Conv2d (fm*8, fm*16,4, 2, 1, bias=False),
nn.InstanceNorm2d (fm*16, affine=True),nn.LeakyReLU (0.2, True),
nn.Conv2d (fm*16, 1, 4, 1, 0, bias=False)
)

def forward(self, x): return self.net(x).view(-1)

# 4) IHCTaHL10EMO

device = 'cuda' if torch.cuda.is available() else 'cpu'
print ("Using device:", device)

gen = Generatorl28().to(device)

crit = Criticl28() .to(device)

# 5) Gradient penalty
def gradient penalty(critic, real, fake, device=None, lambda gp=10.0):
if device is None: device = real.device
bs = real.size (0)
alpha = torch.rand(bs, 1, 1, 1, device=device)
interp = alpha * real + (l-alpha) * fake
interp.requires grad (True)
crit interp = critic(interp)
grads = autograd.grad/(
outputs=crit interp, inputs=interp,
grad_outputs=torch.ones like(crit interp, device=device),
create graph=True, retain graph=True

) [0]
grad norm = grads.view(bs, -1).norm(2, dim=1)
return lambda gp * ((grad norm - 1)**2).mean()

# 6) Bepemo Batu i TecTyemo GP

real batch = next(iter(loader)) .to(device)

z = torch.randn(real batch.size(0), 100, 1, 1, device=device)
fake batch = gen(z) .detach()

print ("Real batch:", real batch.shape)

print ("Fake batch:", fake batch.shape)

gp _val = gradient penalty(crit, real batch, fake batch, device=device,
lambda gp=10.0)

print ("Gradient penalty:", gp val.item())

import torch

import torch.optim as optim
from torchvision.utils import save image
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import os

# Axwmo gradient_penalty e He BMB3HAUYEHUN y LbOMYy CepeloBMIl, IOTAaEMO:
import torch.autograd as autograd

def gradient penalty(critic, real, fake, device='cuda', lambda gp=10.0):

batch size = real.size (0)
epsilon = torch.rand(batch size, 1, 1, 1, device=device) .expand as(real)
interpolated = epsilon * real + (1 - epsilon) * fake

interpolated.requires grad (True)

prob_interpolated = critic(interpolated)
grads = autograd.grad/(
outputs=prob interpolated,
inputs=interpolated,
grad outputs=torch.ones like (prob interpolated, device=device),
create graph=True,
retain graph=True,
only inputs=True

) [0]

grads = grads.view(batch size, -1)

grads_norm = grads.norm(2, dim=1)

gp = lambda gp * ((grads norm - 1) ** 2).mean ()

return gp

# BusHauaemo oyHkIlilo TpenyBaHHsa WGAN-GP
def train_wgan gp(
gen, crit, loader,
epochs=200, # s6impmyeMmo 3a 3amMoBuyBaHHaM no 200
z dim=100,
n_critic=5,
lr=1e-4,
lambda gp=10.0,
device="'cuda'

# llanka 1y 3pasKiB
os.makedirs ('/kaggle/working/samples', exist ok=True)

# OnrmmMiszaTopm
opt g = optim.Adam(gen.parameters(), lr=1lr, betas=(0.5, 0.9))
opt_c¢ = optim.Adam(crit.parameters(), lr=lr, betas=(0.5, 0.9))

# O®ikxcoBaHMM WyM OIS BiIOCTEeXeHHS IpoTrpecy
fixed noise = torch.randn(l6, z dim, 1, 1, device=device)

for epoch in range(l, epochs+l):
for real in loader:

real = real.to(device)

bs = real.size (0)

# —--- OHomJyieHHA Critic ---

for in range(n critic):
z = torch.randn(bs, z dim, 1, 1, device=device)
fake = gen(z) .detach{()
loss ¢ = —(crit(real) .mean() - crit(fake).mean())

gp = gradient penalty(crit, real, fake, device=device,
lambda gp=lambda gp)

opt c.zero grad()
(loss_c + gp) .backward()
opt c.step ()



# —--—- OHOBJIeHHA Generator ---

z = torch.randn(bs, z dim, 1, 1, device=device)
fake = gen(z)
loss g = -crit(fake) .mean()

opt_g.zero grad()
loss_g.backward()

opt_g.step()
# Jloru
print (f"Epoch [{epoch}/{epochs}] Loss C: {loss c.item():
{loss g.item():.4£f}")
# BBeperTy Bpaszku koxHi 10 enox
if epoch % 10 ==
with torch.no grad():
samples = gen (fixed noise) .cpu()
save image (
samples,
f"/kaggle/working/samples/epoch {epoch}.png",
nrow=4,
normalize=True,
value range=(-1, 1)

)

# Buxinmkaemo TpeHyBaHHs Ha 200 enox

train_wgan gp(
gen=gen,
crit=crit,
loader=loader,
epochs=200,

# Bam Dataloader mma GAN
# s6impmyemo mo 200 enox

z dim=100,

n_critic=5,

lr=1e-4,

lambda gp=10.0,

device=device # 'cuda' abo 'cpu'
)
Epoch [190/200] ©Loss C: -60.1945 Loss G: 139.7644
Epoch [191/200] ©Loss C: -27.1802 Loss G: 98.4751
Epoch [192/200] ©Loss C: -54.8815 Loss G: 82.9212
Epoch [193/200] ©Loss C: -39.1331 Loss G: 131.7898
Epoch [194/200] Loss C: -44.6584 Loss G: 118.8899
Epoch [195/200] ©Loss C: -43.4668 Loss G: 97.2197
Epoch [196/200] ©Loss C: -22.9475 Loss G: 108.7968
Epoch [197/200] Loss C: -36.7555 Loss G: 113.5974
Epoch [198/200] ©Loss C: -44.1862 Loss G: 148.7192
Epoch [199/200] Loss C: -41.0505 Loss G: 98.0587
Epoch [200/200] ©Loss C: -35.4859 Loss G: 108.3597

L4f}

Loss_G:
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APPENDIX 2

import numpy as np # linear algebra
import pandas as pd # data processing, CSV file I/O (e.g. pd.read csv)
files under the input directory
import os
for dirname, , filenames in os.walk('/kaggle/input'):

for filename in filenames:

print (os.path.join(dirname, filename))

root = '/kaggle/input/thermal-images-of-induction-motor'

# 3i6paTy HazBM nimgnanok (kjacu)
classes = sorted(

[d for d in os.listdir(root) if os.path.isdir(os.path.join(root, d))]
)

print ("Found classes:", classes)

# TMobymyBaTy CJOBHMK name — idx
class_to _idx = {cls:i for i,cls in enumerate (classes)}
print ("class to idx:", class to_ idx)

# TMomyBiThbca kiNMbkicTb 300paxeHb y KOXHIM mnamiii
for cls in classes:

folder = os.path.join(root, cls)

imgs = [f for f in os.listdir(folder) if
f.lower () .endswith(('.png',"'.Jjpg','.bmp')) ]

print (f"{cls:20s} - {len(imgs)} images")

Found classes: ['A&B50', 'As&Cs&B10', 'As&C&B30', 'A&C10', 'A&C30', 'Al0', 'A30',

'Fan', 'Noload', 'Rotor-0"']

class to idx: {'A&B50': 0, 'A&C&B10': 1, 'A&C&B30': 2, 'AgClO0': 3, 'A&C30': 4,

5, 'A30': 6, 'A50': 7, 'Fan': 8, 'Noload': 9, 'Rotor-0': 10}
A&B50 — 38 images

A&C&B10 — 31 images
A&C&B30 - 42 images
A&C10 — 31 images
A&C30 — 38 images
Al0 — 34 images
A30 — 37 images
A50 — 35 images
Fan — 28 images
Noload — 25 images
Rotor-0 — 30 images
class ThermalClassDataset (Dataset) :
def init (self, root dir, class to idx, transform=None):
super (). init ()

self.samples = []
self.transform = transform
for cls name, cls_idx in class_to idx.items():
folder = os.path.join(root dir, cls name)
for fname in os.listdir (folder):
if fname.lower().endswith(('.png','.Jjpg','.bmp')):
fullpath = os.path.join(folder, fname)
self.samples.append((fullpath, cls idx))

def len (self):
return len(self.samples)

def getitem (self, idx):
path, label = self.samples[idx]
img = Image.open (path) .convert ('RGB"')
if self.transform:

'A50",

'A10"':
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img = self.transform(img)
return img, label

dataset = ThermalClassDataset (root, class_to idx, transform=train transforms)
print ("Total samples:", len(dataset))

img0, 1bl0 = dataset[O0]

print ("Sample shape:", img0O.shape, "Label:", 1blO0)

# 3ibpaTm BCi MiTkM nys posnomijy

all labels = [label for (_, label) in dataset.samples]

train idx, val idx = train test split(
list (range (len (dataset))),
test size=0.20,
stratify=all labels,
random_ state=SEED
)

print (f"Train samples: {len(train idx)}, Val samples: {len(val idx)}")

train dataset = Subset(dataset, train idx)

val dataset = Subset(
ThermalClassDataset (root, class to idx, transform=val transforms),
val idx

)

train loader = DataLoader (

train dataset, batch size=32, shuffle=True, num workers=2, pin memory=True

)
val loader = Dataloader (
val dataset, batch size=32, shuffle=False, num workers=2, pin memory=True

)

imgs, labels = next(iter(train loader))
print ("Batch shapes:", imgs.shape, labels.shape)

import torch.nn.functional as F

class SimpleCNN (nn.Module) :

def init (self, num classes):
super (). init ()
self.convl = nn.Conv2d (3, 32, kernel size=3, padding=1)
self.bnl = nn.BatchNorm2d (32)
self.conv2 = nn.Conv2d (32, 64, kernel size=3, padding=1l)
self.bn? = nn.BatchNorm2d (64)

self.conv3 nn.Conv2d (64, 128, kernel size=3, padding=1l)
self.bn3 nn.BatchNorm2d (128)

self.conv4 nn.Conv2d (128, 256, kernel size=3, padding=1)
self.bn4 = nn.BatchNorm2d (256)

self.pool = nn.MaxPool2d (2, 2)

self.dropout = nn.Dropout (0.5)

fc in = 256 * (IMG SIZE // 16) * (IMG SIZE // 16)
self.fcl = nn.Linear(fc_in, 512)

self.fc2 = nn.Linear (512, num classes)

def forward(self, x):

x = self.pool (F.relu(self.bnl(self.convl(x)))) # — [B,32,64,64]
x = self.pool (F.relu(self.bn2(self.conv2(x)))) # - [B,64,32,32]
x = self.pool (F.relu(self.bn3(self.conv3(x)))) # - [B,128,16,16]
x = self.pool (F.relu(self.bnd (self.convd(x)))) # - [B,256,8,8]

X = x.view(x.size(0), -1) # - [B,256*8*8]

x = self.dropout (F.relu(self.fcl(x))) # - [B,512]

x # - [

= self.fc2(x)
return x

B,num classes]
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model cnn = SimpleCNN(num classes=len(classes)) .to(device)
print ("SimpleCNN initialized. Output shape:",
model cnn(torch.randn(2,3,IMG SIZE,IMG SIZE,device=device)) .shape)

def train classifier(model, train loader, val loader, criterion, optimizer,
num_epochs=20) :

model = model.to(device)

best acc = 0.0

for epoch in range(l, num epochs + 1):

# - Train —----—---—---
model.train ()

running loss = 0.0
running corrects =
total train = 0

0

for inputs, labels in train loader:
inputs = inputs.to(device)
labels = labels.to(device)

optimizer.zero grad()

outputs = model (inputs) # [B, num classes]
loss = criterion (outputs, labels) # CrossEntropyLoss
loss.backward/()

optimizer.step()

_, preds = torch.max (outputs, 1)
running loss += loss.item() * inputs.size(0)
running corrects += torch.sum(preds == labels.data).item()

total train += inputs.size(0)

epoch loss = running loss / total train
epoch acc = running corrects / total train
# o Validate ----------
model.eval ()

val loss = 0.0

val corrects = 0

total val = 0

with torch.no grad():
for inputs, labels in val loader:
inputs = inputs.to(device)
labels = labels.to(device)
outputs = model (inputs)
loss = criterion (outputs, labels)
_, preds = torch.max (outputs, 1)
val loss += loss.item() * inputs.size(0)
val corrects += torch.sum(preds == labels.data).item()
total val += inputs.size(0)

val epoch loss = val loss / total val

val epoch acc = val corrects / total val
print (f"Epoch {epoch}/{num epochs} | "

f"Train Loss: {epoch loss:.4f}, Train Acc: {epoch acc:.4f}
f"val Loss: {val epoch loss:.4f}, Val Acc: {val epoch acc:.4f}")

# B0epiraemo kpaimy MOLEJb
if val epoch acc > best acc:
best acc = val epoch acc
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torch.save (model.state dict(),
f"best resnet epoch {epoch} acc {best acc:.4f}.pth")
train classifier(
model resnet,
train loader,
val loader,
criterion,
optimizer resnet,
num_epochs=30

MOIeJIb, fAKY MM HaBYaEMO
Dataloader njsa TpeHYBaJIbHMX HOAaHUX
Dataloader nJjsa BajlilauivHMX OaHUX
CrossEntropylLoss

Adam nJjsa OCTaHHBOT'O mapy ResNet
Hanpukiazn, 30 enox

S o o 3R o o

)

from sklearn.metrics import confusion matrix, classification report
import seaborn as sns
import matplotlib.pyplot as plt

# 1) BaBaHTaxyeMO HaMkpauy MOIejib (SKIOo MNOoTPiBHO)
# BaM, MOXIMBO, 30eperJyioCk WOCh Ha kKwTajaT 'best resnet epoch 30 acc 0.6757.pth'
best model path = 'best resnet epoch 30 acc 0.6757.pth'

model resnet.load state dict(torch.load(best model path))

model resnet.eval()

# 2) 36upaemo Bcl nepenbaueHHS ¥ NpaBIMBiI MiTkM
all preds = []
all labels = []

with torch.no grad():
for inputs, labels in val loader:

inputs = inputs.to (device)
labels = labels.to(device)
outputs = model resnet (inputs)

, preds = torch.max (outputs, 1)

gll_preds .extend (preds.cpu () .numpy())
all labels.extend(labels.cpu () .numpy ())

# 3) MaTpuils HETOUYHOCTEN

cm = confusion matrix(all labels, all preds)

plt.figure(figsize=(10, 8))

sns.heatmap (cm, annot=True, fmt='4d',
xticklabels=classes, yticklabels=classes,
cmap="'Blues"')

plt.xlabel ('Predicted"')

plt.ylabel ('True')

plt.title('Confusion Matrix (Validation Set)')

plt.show ()

# 4) Classification report
print(classification report(all labels, all preds, target names=classes))

import torch, torch.nn as nn

import torch.optim as optim

from torchvision import models

from sklearn.model selection import train test split
import torch.nn.functional as F

from torch.utils.data import DatalLoader, Dataset, Subset
from PIL import Image

import os, random, numpy as np

SEED = 42

random. seed (SEED)

np.random. seed (SEED)

torch.manual seed(SEED)

if torch.cuda.is available(): torch.cuda.manual seed all (SEED)
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device = 'cuda' if torch.cuda.is available() else 'cpu'
print ("Using device:", device)

# === 2. Dataset / Dataloader (3mechb MNpPOCTO MpMUMEP, Ball KOI yXe eCThb) ===
# root = '/kaggle/input/thermal-images-of-induction-motor'

# classes = [...]

# class _to idx = {...}

# train loader, val loader = ... # KOO M3 NpemHOyIMX SUeeK

# === 3. OnpemengeMm Momesyib ResNet-18 ===

resnet = models.resnetl8 (pretrained=True)

resnet.fc = nn.Linear (resnet.fc.in features, len(classes))

model resnet = resnet.to(device)

print ("ResNet loaded, output shape:",
model resnet (torch.randn(2,3,IMG SIZE, IMG SIZE,device=device)) .shape)

# === 4. [lpoBepKa UM «PasMOPO3Ka» IapaMeTpOB ===
print ("\n--- IapaMeTpL IO Pa3MOPO3KM —---")
for name, param in model resnet.named parameters():
print (f"{name:30s} requires grad={param.requires grad}")

for name, param in model resnet.named parameters():
if "layer3" in name or "layer4" in name or "fc" in name:
param.requires grad = True
else:
param.requires grad = False

print ("\n--- IlapaMeTph [HOCJIe Pa3MOpPO3KM ——-")
for name, param in model resnet.named parameters():
print (f"{name:30s} requires grad={param.requires grad}")

# === 5. Cosmaem optimizer m loss ===

criterion = nn.CrossEntropyLoss ()

optimizer resnet = optim.Adam/(
filter (lambda p: p.requires grad, model resnet.parameters()),
lr=le-5

)

print ("\nOptimizer created. KommuecTBO OOyuaeMmelx napameTpos:",

sum(p.requires grad for p in model resnet.parameters()))

# === 6. Onpepenaem oyHkumo train classifier (ecyim He cresaHO paHee) ===

def train classifier(model, train loader, val loader, criterion, optimizer,

num_epochs=20) :
model = model.to (device)
best acc = 0.0

for epoch in range(l, num epochs + 1):

# - Train ----------
model.train ()

running loss = 0.0
running corrects =
total train = 0

0

for inputs, labels in train loader:
inputs = inputs.to (device)
labels labels.to(device)

optimizer.zero grad()

outputs = model (inputs)

loss = criterion (outputs, labels)
loss.backward()
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optimizer.step ()

, preds = torch.max (outputs, 1)

Eunning_loss += loss.item() * inputs.size(0)
running corrects += torch.sum(preds == labels.data) .item()

total train += inputs.size(0)

epoch loss =
epoch_acc

- Validate ----------
model.eval ()

val loss = 0.0

val corrects
total val = 0

Il
o

with torch.no grad():
for inputs, labels in val loader:
inputs = inputs.to(device)
labels = labels.to(device)
outputs = model (inputs)

running loss / total train
running corrects / total train

loss = criterion (outputs, labels)

_, preds = torch.max (outputs, 1)

val loss += loss.item() * inputs.size (0)

val corrects += torch.sum(preds == labels.data).item()

total val += inputs.size(0)

val epoch loss = val loss / total val
val corrects / total wval

val epoch acc

print (f"Epoch {epoch}/{num_epochs} |
f"Train Loss: {epoch loss:.4f},

Train Acc: {epoch acc:.4f}

f"Val Loss: {val epoch loss:.4f}, Val Acc: {val epoch acc:.4f}")

if val epoch acc > best acc:
best acc = val epoch acc
torch.save (model.state dict(),

f"best resnet epoch {epoch} acc {best acc:.4f}.pth")

print ("Finished training. Best Val Acc: {:

.4f}" . format (best acc))

# === 7. 3anyCK TPEHUPOBKM (B BTOM SUeMKe IOSBUTCS BHBOI) ===

train classifier(
model resnet,
train loader,
val loader,
criterion,
optimizer resnet,
num_epochs=20

)

from sklearn.metrics import confusion matrix,
import torch

# 1) BaBaHTaxyemo Halkpami Baru (Opullyckandu,

classification report

mo BOHM 30epexenHi y bdari)

best model path = 'best resnet epoch 20 acc 0.8784.pth’
model resnet.load state dict(torch.load(best model path))

model:resnet.eval()

all preds = []
all labels = []
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# 2) Ilpoiimemocs o Bajimanii
with torch.no grad():
for inputs, labels in val loader:

inputs = inputs.to(device)
labels = labels.to(device)
outputs = model resnet (inputs)

, preds = torch.max (outputs, 1)

gll_preds .extend (preds.cpu() .tolist ())
all labels.extend(labels.cpu().tolist())

# 3) Po3OpyKyeMO OCHOBH1 MeTpUKMU
print ("Confusion Matrix:")

print (confusion matrix(all labels, all preds))

print ("\nClassification Report:")
print (classification report(all labels, all preds, target names=classes))

Confusion Matrix:

[[800000O0O0O0O0 0]
(01 00005000 0]
(0070000100 0]
[000 6 00O0O0O0O0 0]
[00O0O080O00O0O0 0]
(0000070000 0]
(0000007000 0]
[00O0OO0O0O0O07O0 0 0]
[00O0OO0O0O0O0O0 6 0 0]
(0000003002 0]
[00O0OO0O0O0O0O0O0O0®6]]
Classification Report:

precision recall fl-score support

A&B50 1.00 1.00 1.00 8

A&C&B10 1.00 0.17 0.29 6

A&C&B30 1.00 0.88 0.93 8

A&C10 1.00 1.00 1.00 6

A&C30 1.00 1.00 1.00 8

Al0 1.00 1.00 1.00 7

A30 0.47 1.00 0.64 7

A50 0.88 1.00 0.93 7

Fan 1.00 1.00 1.00 6

Noload 1.00 0.40 0.57 5

Rotor-0 1.00 1.00 1.00 6

accuracy 0.88 74

macro avg 0.94 0.86 0.85 74

weighted avg 0.94 0.88 0.87 74

import matplotlib.pyplot as plt
import numpy as np

# oyukuisg, mob “poznajatu” TeH30p-00pasz y dbopmari numpy 0..1
def tensor to numpy(img tensor):

# img tensor mae posmipm [3, IMG SIZE, IMG SIZE] i zopmanizsoeammi (mean=0.5,
std=0.5)

img = img tensor.permute(l, 2, 0).cpu().numpy() # [H, W, C]
img = (img * 0.5) + 0.5 # «posHopManizyemo» (gkmo HopManizauis Oyma mean=0.5,
std=0.5)

img = np.clip(img, 0, 1)
return img
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# BurarHeMo ommH 6aTd 13 BasigpauinHoro Dataloader

inputs, labels = next (iter(val loader))
inputs = inputs.to(device)
labels = labels.to(device)

# OrpmmMmaemMo nepenbaudyeHHS

model resnet.eval()

with torch.no grad():
outputs = model resnet (inputs)
_, preds = torch.max (outputs, 1)

# Bisyanisyemo 16 s3o00paxeHp (afo MeHme, 3ajexHO Bim batch size)
batch size = inputs.size (0)
num_show = min (16, batch size)

plt.figure(figsize=(12, 12))

for i in range (num_show) :
ax = plt.subplot (int (np.sqgrt (num show)), int(np.sqrt(num show)), i + 1)
img = tensor to numpy (inputs[i])
ax.imshow (img)

ax.set title(f"T: {classes[labels[i].item()]}\nP: {classes[preds[i].item()]}",

fontsize=8)
ax.axis ("off")

plt.tight layout ()

plt.show ()

T: A&C10 T: A10 T: A50 T: A&C&B30
P: A&C10 P: A10 P: AS0 P: A&C&B30

T: Fan T: A30 T: AS0 T: A&B50
P: Fan P: A30 P: A0 P: A&BS0

T: A&C30 T: A30 T: A&B50 T: Rotor-0
P: A&C30 P: A30 P: A&BS0 P: Rotor-0

99



	ABSTRACT
	І. Asynchronous motors: operating principles, common faults and modern methods of intelligent diagnostics………………………………………………………………………………...……….6
	CHAPTER I
	ASYNCHRONOUS MOTORS: OPERATING PRINCIPLES, COMMON FAULTS AND MODERN METHODS OF INTELLIGENT DIAGNOSTICS
	1.1 Principle of operation and design of an induction motor
	1.2 The role of induction motors in industry and applications
	1.3 Typical faults of induction motors and their consequences
	1.4 Using thermal imaging to detect faults
	1.5 Modern methods for diagnosing faults in induction motors based on images.
	In this regard, an important innovation in the field of technical diagnostics has been the use of generative neural networks. In particular, models such as WGAN-GP (Wasserstein GAN with Gradient Penalty) allow generating realistic thermal images that ...


	OVERVIEW OF GENERATIVE ADVERTISEMENT NETWORKS AND PROBLEM STATEMENT
	The overall analysis will allow us to highlight key trends and recurring issues, as well as lay the groundwork for formulating directions for further research in the next section[9].
	In summary, the choice of FID and SSIM metrics provides a multidimensional assessment of the model results: from global similarity to local structural compliance and practical efficiency. This approach will make it possible to form a complete picture ...
	Two fundamentally different approaches were considered for thermal image classification of an induction motor: a compact CNN model built from scratch (SimpleCNN) and an adaptation of the large pre-trained ResNet-18 architecture. A detailed explanation...


	LITERATURE

