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1 ABSTRACT

This course paper focuses on the development of a machine learning model for
classifying destroyed buildings based on the type of damage caused. It explores and
compares different approaches to model creation and training, using real-life data of
buildings in Ukraine that were damaged as a result of Russian military aggression.
The study aims to contribute to effective damage estimation and planning for urban

reconstruction in the context of the ongoing war in Ukraine.

Key words: Image Classification, Shelling, Convolutional Neural Network, Deep

Learning, Computer Vision



2 INTRODUCTION

The shelling in Ukraine is causing massive destruction of infrastructure
facilities on a daily basis [1], and a quick and accurate classification of the extent of
damage may be crucial for recovery planning, distribution of humanitarian aid, and
recording of war crimes. Automating the classification of damage types using
machine learning can significantly speed up and standardise this process, and

enable quick decision-making for timely relief.

The goal of the work is to investigate the effectiveness of different neural
network architectures [2] and approaches to image classification [3] in the specific
context of identifying the nature of building damage. In particular, the development
and implementation of a CNN [4] with an Image Fusion mechanism [5] for event
classification makes a significant contribution to the development of computer
vision methods [6] for analysing the consequences of armed conflicts. Our approach
overcomes the limitations of standard image classification methods by aggregating
information from several images of the same scene, which allows for greater

classification accuracy.

The aim of the study is to develop and evaluate the effectiveness of machine
learning models for automated classification of building damage by type, using real
data of destroyed objects in Ukraine as a result of Russian aggression. We have
outlined the following steps of this work:

1. Finding a relevant dataset with real-world data and its further analysis.

2. Conceptualizing theoretical concepts of image classification for our task.

3. Creating and training a classification model based on the ResNet50V2
architecture.

4. Research and implementation of the Image Fusion method in CNN

architecture



5. Evaluation of the effectiveness and comparison of the results of different

approaches.

The object of research is the process of classifying building damage by its type,
using deep learning [7] and computer vision methods.

The subject of the study is machine learning methods and models for classifying
images of destroyed buildings, in particular, the ResNet50V2 architecture [8] and
CNN with the Image Fusion mechanism, their efficiency and accuracy in
determining the type of damage caused.

The practical significance of the results obtained lies in the possibility of their
application for:

- Estimating the scale of destruction - the developed classification system
makes it possible to systematise and quantify infrastructure damage by
type of attack.

- Optimisation of the reconstruction process - automated classification
allows faster decision-making on the necessary methods to restore
damaged facilities.

- Documentation of war crimes - the model can serve as a tool for
objectively recording the types of weapons used against civilian objects.

In this work, we have used: Google Colab [9] with free GPUs [10] as
development environment; Python 3.11 as a main programming language;
Torchvision [11] - as main computer vision framework for image transformations;
TensorFlow/Keras and ResNet50V2 [12] - as the first implementation of the model
and PyTorch [13] as the main framework for the second implementation of the
model.

This coursework is divided into sections, each of which covers important

aspects of developing and comparing machine learning models for a given task.



Section 3 provides the theoretical background, including an overview of the
ResNet architecture, the principles of Image Fusion, and methods for evaluating
classification models.

Section 4 describes practical implementation and experiments, including data
preparation and implementation of both approaches. Section 5 presents the
experimental results.

Section 6 highlights the conclusions of the study with an analysis of the results.



3 THEORETICAL FRAMEWORKS

3.1 Machine Learning and Deep Learning Approaches for Image Classification

With the development of machine learning (ML), approaches to image
classification are constantly innovating. Traditionally, ML image processing
methods need to have domain knowledge and rely on manually created features to
identify relevant patterns in images [14]. These approaches are known to be
effective for simple tasks, but they still often fail to cope with the complexity and
variation inherent in real-world images, especially in complex tasks such as damage

assessment.

With further advancement of technology, a new and more powerful method of
image processing has become widely used - Deep Learning (DL) [15]. In a big
difference from traditional methods, DL models can extract features from images
directly from the raw pixels and automatically learn hierarchical representations
from data. These qualities make Deep Learning very suitable and flexible for more
complex computer vision tasks, where specific image patterns could be very hard to

extract.

This work focuses on real-life data of damaged buildings, so we chose the Deep
Learning approach, as it provides significant benefits through its ability to identify
complex textures, contextual information, and subtle structural patterns that

characterise different types of damage.

Deep learning is based on neural networks (NNs) [16]. NNs are computational
models that function similarly to neurons in the human brain. A neural network

consists of layers of artificial neurons that are interconnected and process input



data, transforming it into the result of creating classifications, in our case. The basic

architecture of NNs includes:

Input Layer | Hidden Layer #1 | | Hidden Layer #2 | | Output Layer

Figure 1. Example of the structure of a fully-connected neural network.

As shown in Figure 1, the basic architecture of NNs includes:
- An input layer that receives raw data (in our case, image pixels).
- Hidden layers where information is being processed.
- An output layer that produces the final prediction (in our case, damage

classification classes).

The layers in neural networks can be inconsistent. Each neuron applies a
mathematical function to its inputs, which is often followed by a non-linear
activation function that adds complexity to the model [16]. The network learns by
adjusting the weights of the connections in the hidden layer within
backpropagation, which reduces the difference between the predicted results (NN
decision) and the actual values (labels). The number of hidden layers can
significantly affect its ability to learn. It is also considered that the more hidden

layers a network has between the input and output layer, the deeper it is. Deeper



networks can capture more complex and abstract features, which is crucial for
distinguishing subtle differences in the pattern of damage caused by different types

of attacks. However, the deeper networks are - the harder it becomes to train them.

3.2 Introduction to Convolutional Neural Networks

Convolutional Neural Networks (CNNs) [17] are specialized neural network
architectures that are designed for processing grid-like data, such as images. CNNs
can be used for diverse types of computer vision tasks, but in our work, we use
them to classify images for damage from various types of shelling. In contrast to
standard neural networks, CNN has its specific architecture of hidden layers that
makes it different. Every CNN consists of such layers in its structure:

- Convolutional layers
- ReLU layers
- Pooling layers

- Fully connected layer (the final layer)

There is no fixed number of layers, and each can occur several times. The order
of them can also be inconsistent, but it is important to note that there are some strict
rules: the CNN must start with a convolutional layer and end with a fully connected
layer [18]. And there must also be a final pooling layer before the last fully

connected one.

An image classifier takes the numerical pixel values of an image, passes them
through the CNN, and gets the final output [18]. In our work, the output would be
the class with the identified type of shelling: Ground attacks (shelling, mines,

artillery, ammunition) and Air attacks (drones, missiles, and rockets).
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Figure 2. Simple CNN classifier example

Figure 2 shows a simple example of how an image is being processed within the
hidden layers of a CNN and then being classified as one class from multiple

possible options.

Convolution lavyer

Convolution layers are the basic building blocks in image classifiers.
Convolution looks for and extracts image features, a specific characteristic of the
input image, such as the edges or shape of a particular object [18]. The feature is
then converted into a matrix of numerical pixel values. This matrix is then used as a

feature detector.

Feature Filter matrix
u} 1 0
— o 1 o
0 1 0

Figure 3. Vertical line detector example

In Figure 3, it can be seen how the feature is being extracted from the vertical

line to a matrix with pixel values on the vertical line.
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To scan an image, the filter matrix, or kernel, is moved across the image, pixel
by pixel. A value is calculated for each overlay, which depends on how well the
filter matches the image. The calculation is a multiplication of two matrices. Thus,

the better the match, the higher the resulting value in the feature map.

00o0ooo
0o0oolooo o [1]o 0 o
0 10]oo0o 23 P Z 000
010 =

010000 5 o 3000
0\ 11 ol i0: [0l e 2000
00000O

Image (6x6) Image matrix Filter matrix Feature map

Figure 4. Image transformation to a feature map by multiplication of matrices

Figure 4 describes how an image is transformed into a feature map.

Convolution: Image matrix * Filter matrix = Feature map.

Rectified Linear Units Laver

Rectified linear units (ReLLU) are a common choice for an activation function

[18]. The activation function is necessary for adding non-linearity to the

computation. ReLLU takes the feature map (it could be the output from the previous

convolution layer) and rectifies every negative value to zero, without changing the

positive numbers. Nonlinearity implies that the slope is not constant. The ReLU
level is nonlinear because:
- for x <0: the slope of the function is 0.

- for x > 0: the slope of the function is 1.

Figure 5. Rectification of all negative values to zero by the ReLU layer.

12



Figure 5 shows an example of how the ReL U layer rectifies the negative values

of the matrix (-10, -110, -15, -10) to zero.

Pooling Laver

Within the process of the pooling layer, the input matrix is being processed: a
(2x2) filter runs over the feature map and assigns a single value per subregion to the
new output matrix [18]. The main goal of this process is to downsize an image so
that the computational speed of the image classifier is accelerated. Max pooling

[19] is considered the most common pooling approach.

In the max pooling approach, the filter, after running over the input matrix,
takes the maximum value of a specific position and assigns it as a value to the

output matrix.

12 120 | 30 | O

8 |12 210 2 x 2 Max-Pool | 20 | 30 ‘

34 |70 | 37 | 4 112 37‘

112 1100 | 25 | 12

Figure 6. Max-Pool example

An example in Figure 6 illustrates how a 2x2 filter slides over a 4x4 matrix,
selecting the maximum value from each subregion and assigning it as a single value
in the output matrix. To be specific, in the four fields of the bottom right, the
highest value is 37. Then the value is assigned as a single field to the output matrix.
And the filter goes on next to every position. As a result, the output matrix has each

value corresponding to the maximum value of the related subregion.
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Fully connected layer
The CNN is completed with a fully-connected layer [18]. It takes the output

from the last pooling layer as input and then aggregates all the information, applies
it to the weights, and makes the classification at the end. Within the process of the
fully connected layer, each neuron computes a weighted sum of inputs, producing
logits (raw, unnormalized prediction scores). These logits are then transformed
using the softmax function [36], which converts them into a probability distribution
by raising each value to an exponent and normalizing so they sum to 1. This
produces probability values between 0 and 1 for each class. Finally, the argmax
operation selects the class with the highest probability as the final prediction,

completing the classification process.

3.3 ResNet architecture

The Residual Network (ResNet) family of models has made a major impact
within the Deep Learning revolution in the domain of computer vision [20].
Researchers from Microsoft Research were the first to develop the idea of residual
learning, which has led to models learning as depth increased. ResNet was
introduced to the world in the paper Deep Residual Learning for Image Recognition

in 2015 at Conference on Computer Vision and Pattern Recognition [21].

As Deep Neural Networks have significantly increased in accuracy for various
computer vision tasks, they have had several problems with model degradation and
vanishing gradients that led to worse performance than some shallower models. The
architecture of ResNet overcomes all these drawbacks and enables training with
hundreds of layers. By incorporating residual connections, ResNet effectively

solves the problem of the vanishing gradient [21]. Furthermore, the residual

14



connections allow gradients to pass directly through the network, which results in

easier deep model training and even higher result achievement.

In this work, we use ResNet50V2 architecture [8], as it is proven to have solid
performance and flexibility in various computer vision applications, including
custom image recognition tasks. ResNet50V?2 is a configuration of ResNet with 50

layers.

The layers of ResNet50V2 architecture are: convolutional, pooling, fully
connected layers, and residual blocks that make use of skip connections [21]. For
this architecture, it is essential to be based on the residual block concept, which
makes the input and output parameters trainable. It contains:

1. Input Layer takes an image as input.

2. Convolutional Layers extracts features from the input.

3. Bottleneck Design: each residual block consists of three layers:

- 1x1 convolution,
- 3x3 convolution,
- 1x1 convolution.

4. Identity and Residual Connections: they overcome the vanishing gradient

problem in deep networks and allow gradients to flow freely through the

network during backpropagation. Identity Connections bypass paths that
directly transmit input data to the output, skipping convolution layers, and

Residual Connections allow the network to learn residual mapping F(x) + x,

rather than full mapping H(x)).

5. Pooling Layers lead to a reduction in spatial dimensions of the feature maps.

6. Fully Connected Layers process and perform the final classification.

7. Output Layer infers the class probabilities.

15



ResNet50 Model Architecture

Output

Max Pool
Conv Block
ID Block
Conv Block
ID Block
Conv Block
ID Block
Conv Block
ID Block

[“ Zero _Pédding |
CONV
Avg Pool
Flatiening
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Stage 1 Stage 2 Stage3 Stage4 Stageb

Figure 7. ResNet50 model architecture

Figure 7 shows the architecture of the ResNet50 model. The model processes
the input data through 5 sequential stages [21]:

- Stage 1 starts with Zero Padding, followed by a convolutional layer, and
then by Batch Normalisation, ReLLU activation, and Max Pooling in order
to reduce the dimensionality. This stage is similar to traditional CNN
logic.

- Stages 2-5 are followed by a series of Conv Blocks and ID Blocks that
together form the residual architecture of the network. Every block
consists of convolutional layers with residual connections that are meant
to prevent the traditional CNN’s problem of gradient vanishing.

- Final stage: the convolutional blocks are preceded by Average Pooling for
wide averaging of features, then flattening for converting the
representation to a one-dimensional vector, and a final fully connected

layer for classification, which infers the prediction of the network.

Aside from the layers and architecture of the model, it is important to
mention the concept and importance of Batch Normalisation [22]. It is a
technique that normalises the output values of each convolutional layer. It
calculates the mean and variance for each mini-batch of data, which is then
passed to the activation function. Placing Batch Norm after each convolutional

layer in the Conv and Identity Blocks provides several important benefits, such

16



as: accelerating training, regularising and reducing overfitting, and stabilising
the activation distribution. This technique is important for the successful

training of deep networks.

The Conv Block and Identity Block are the key components of the ResNet50

model that differ from traditional CNNs and make its architecture unique [21].
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Figure 8. Detailed ResNet50 model architecture

Figure 8 describes a more detailed structure of Conv Block and Identity Block
[23]. Section (c) shows in detail the Conv Block, specifically the sequence of three
convolutional layers (1x1, 3x3, 1x1), each of which is preceded by a batch
normalisation and an activation function. The skip connection is also shown in
Figure 8, and implemented through the Addition operation. Section (d) illustrates
the Identity Block with a similar structure, but it has a key difference in the
connection scheme. Both blocks end with the operation of adding the input and

processed signals, which are followed by activation.
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Residual blocks combine multiple convolution layers with a skip connection or
shortcut [21]. That means that the result at the beginning of each layer is appended
to the output of the end-of-layer, leading to a quick transition between layers to
ensure that the gradient does not vanish. Instead of learning the mapping H(x), the
residual blocks learn the mapping F(x) = H(x) — x, and this makes it easier to
optimise the network [24]. Skip connections enable gradients to flow directly
through the network, stopping them from becoming too shallow as they propagate

in the opposite direction. This approach allows training very deep networks.

There are other different depth ResNet models, such as ResNetl152, ResNet101,
ResNet34, and ResNet18. We also use ResNet18 [25] in the second approach of the
experimental research. The main difference between ResNet18 and ResNet50 [26]
is their depth and block structure: ResNet18 has 18 layers and uses simple Basic
Blocks, each containing two 3x3 convolutional operations with a direct residual
connection. It is a smaller model with fewer parameters (about 11.7 million),

whereas ResNet50 has about 25.6 million parameters.

The ResNet50 model has many advantages [21]:
- good performance with high accuracy on large datasets with images,
where the patterns are very subtle and hard to extract;
- efficient usage in training deep networks with residual connections;
- transfer learning with pre-trained ResNet50 models, which we also

incorporated in our work.
Although the model is very powerful, it still has some limitations, like large

computational cost and training complexities due to the big time and memory

requirements.

18



3.4 Image Fusion

Image fusion (IF) is the process of collecting all the relevant information from

several images and incorporating it into a single image [27]. This condensed image

1s more accurate and informative for the model than any other separate image. In

addition to reducing the amount of data, IF aims to make the model input better

understandable for analysis and processing. There are different IF levels to perform

based on the stage of fusion accomplishment.

Fusion i
> Evaluation
Rule

Pixel level

Fused
Image

| Image 1 I—l'

Feature level

1 Fusion
% Rule

.
Image

{ Feature Extraction

_b

| Image 1 l—'

Image n

Feature Extraction

Classification

Decision level

Fuzisi Evaluation
Rule

Fused
Image

Figure 9. Image Fusion Levels

Figure 9 shows the three levels of Image Fusion [28]:

- Pixel level: This level is considered low because of the simplicity of the

method. It is based on extracting features from two input images and

creating a single average image.

- Feature level: It validates characteristics (size, color) from multiple

images, and creates an enhanced image after extracting the features.

- Decision Level: It is a high-level method because of its multistage

representation usage and region-based measurements calculations.
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There are also different types of Image Fusion [28]:

Single-sensor IF: Its algorithm merges a set of images and creates a new
image with the best information content. Single-sensor image fusion
perceives the real world as a sequence of images. This method has certain
disadvantages, such as the limitations of the image sensor that can be
used in certain sensing areas. For instance, some sensors are well suited
for brightly lit environments, such as sunlight during the day, but may not
be good for dark and fuzzy environments, such as night.

Multi-sensor IF: This method combines images from multiple sensors to
form a fused image. For example, a digital camera and another infrared
camera capture their images, and the fusion produces the final composite
image. This approach avoids the disadvantage of using a single sensor.
Taking the previous example, a digital camera would be well suited for
highly lit environments, while at the same time, an infrared camera would
be good for dark environments.

Multiview IF: This method uses images that have multiple or different
types of views at the same time. This approach uses images from different
environments, such as multispectral, clear-visible, and infrared sensing.
Multi-focus IF: This method is used to process images from 3D views. It
works by dividing the original image into areas so that each area is in

focus for at least one image channel.

There are many ways to integrate Image Fusion, but the most common would

be within CNN [28]. In 2021, for medical application purposes, a CNN-based
fusion framework for feature extraction and image retrieval was developed using a
sophisticated loss function. To monitor the activity level and feature integration, the

authors decided to use the CNN as part of the general fusion structure.
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Figure 10. IF implementation within CNN

Figure 10 shows the scheme of Image Fusion implementation using CNN [28].
In this case, to perform medical IF, the loss function was combined with a classified
CNN. Furthermore, the fusion layer was embedded in the training process. In this
way, CNN can reduce the limitations that were caused by manually developed

fusion rules (maximum, minimum, or average).

The use of Image Fusion gives many advantages [27], such as: reduction of data
storage and transmission; big possibility of production of a high-resolution output
from dark or foggy multiscale images; enhancement of the image from various
perspectives that leads to better contrast; and ability to read small signs in different
images. However, IF has its limitations too: the feature extraction can sometimes be
expensive and complex to perform with fusion. Especially if the images are fuzzy,

because it can often lead to very slow data processing.

3.5 Model evaluations methods

After two implementations of the classification model for this course paper, it

was necessary to evaluate its quality. We used the following metrics for this
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purpose: accuracy, Precision, Recall, F1-score, and ROC curve. These metrics are

essential tools for evaluating models' performance [29].

Accuracy is a key ML classification metric that measures the ratio of correct

predictions to the total number of predictions [29].

True Positives + True Negatives

Accuracy = Toral Predictions

Although Accuracy is easy to understand and easy to implement, it does not
take into account the nuances of the model, particularly when false positives and

false negatives have different consequences.

To overcome accuracy limitations, more sophisticated metrics are needed.
F1-score integrates precision and recall, providing a balanced evaluation of
classifier performance. It is particularly useful for estimating imbalanced datasets.
F1-score components are [29]:

- Precision: the ratio of true positives to all positive predictions. Its formula
is: TP / (TP + FP)
- Recall: the ratio of true positives to all actual positive instances. Its

formula is: TP / (TP + FN)

And F1-score is calculated by the harmonic mean of precision and recall [29]:

Precision X Recall
F1 =2 X Precision + Recall

This formula maintains a balance between precision and recall, with a penalty
for extreme values of both. The F1-score ranges from 0 to 1, with 1 being the best

result possible.

In the second implementation of the experimental model using Image Fusion,

the model performs binary classification. The best evaluation metric for this case is

22



the ROC curve [30], as it works well for such models. The ROC curve shows the

true positive rate compared to the false positive rate at different thresholds.

Perfect
Oc.lassifier ROC curve

True positive rate

0.0 0.5 1.0
False positive rate

Figure 11. Plot of a ROC curve

Figure 11 showcases the ROC curve view and its meaning. If the ROC curve is

closer to the upper left corner, it means the model performs better [30]. The area

under the curve (AUC) measures this efficiency in the range from 0 to 1. If AUC

value equals 0.5, this indicates a random guess, whereas 1 means a model performs

perfectly.
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4 EXPERIMENTAL RESEARCH
4.1 Dataset Analysis

For the practical part of the course paper, we have used the “Ukraine Images
2023 dataset from Kaggle [31]. This dataset has 10.4K files and consists of
real-world images of damaged buildings by russian shelling from different regions
of Ukraine. Most images come from Donetsk (3528 word mentions), Zaporizhzhia
(1587), Kharkiv (1585), Kherson (1185), and Dnipropetrovsk (983) regions. In
addition to images of damaged buildings, the dataset documents many other
consequences of the Russian shelling, including other people, rescuers, ambulances,
and even corpses. Despite the fact that such information serves as additional noise
for the model and negatively affects its training, we aimed to use this kind of

real-world data collection to explore the practical application of the model.

We split the dataset into two parts: train and test. We conduct the experiment in
two ways. We outlined five classes:
- Shelling
- Missile
- Drone
- Attillery
- Mine

250

200

150

100 A

50 4

Missile Drone shelling Mine Artillery
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Figure 12. Sample distribution of the 5 classes in “Ukraine Images 2023

The histogram in Figure 12 shows how imbalanced the class distribution is. We
conducted a trial with a more harmonious binary class distribution with partial
combination of the previous one:

- Air Attacks (drones, missiles, and rockets)

- Ground attacks (shelling, mines, and artillery)

class distribution

1]
Si0 1215

1200 4

1000 q

BOO {

number of damage

type of damage

Figure 13. Sample distribution for 2 classes

As can be seen from the histogram in Figure 13, the distribution of binary
classes under the combination of attacks is better balanced. The different outcomes
of these two distribution methods are described in more detail in the following

sections.
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4.2 First Experiment: Classification model based on ResNet50V2

To implement the experiment, we have used a transfer learning approach based

on a pre-trained ResNet50V2 model, which is an improved version of the ResNet50

architecture. The implementation strategy involves freezing most layers of the base

ResNet50V2 model while systematically unfreezing different numbers of terminal

layers - specifically, we experimented with unfreezing the final 10, 20, or 30 layers,

so that these layers adapt to the specifics of our task. We used fine-tuning [32] in

this approach.

After the base model, we have added specialised layers to adapt it more for the

damage type classification task:

Global AveragePooling2D: this layer performs feature averaging, which
reduces the overfitting of the model and the number of network
parameters.

Dense(128, activation='relu'): It is a fully connected layer ReLU
activation for nonlinear feature transformation. L2 regularisation is also
applied to prevent overfitting.

Dropout: during the model training, it accidentally deactivates 40% of
neurons, which is used to prevent overfitting too.

Dense(num_classes, activation="softmax"): this is the output classification
layer. To transform the output values into probabilities belonging to each

class, the softmax activation is used.
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4.3 Second Experiment: Classification Model Using Image Fusion

The particularity of the dataset we chose is that for one event (in this case, a
specific case of shelling), there are several different images with damage, which
have the same file names, except for the numbering of the photos. It is this special
feature of the data that prompted us to choose the Image Fusion method for this
task. Using this technique helped us to compensate for the shortcomings of
individual images (since the dataset contains real-life content, it has many images in
poor lighting and quality) and increase the overall information value of the input

data.

Before the classification model with the Image Fusion, a specialised class was
developed to perform the work with the data:
1. It handles image sets belonging to the same event.
2. Then it loads these image sets, converting them to a size of 224 x 224,
and combines them into a tensor.

3. Finally, it creates a dictionary for mapping class labels to numeric indices.

To directly implement the classification model, we used the pre-trained
ResNet18 model as a feature extractor, and we removed its last fully connected
layer to obtain the feature vectors. The multi-image fusion mechanism works as
follows: each image is processed through a single feature extractor while preserving
the group structure for further fusion, and mean pooling is used to aggregate
features from different images. The classification layer takes the already aggregated

features and generates output logits for each damage type class.

The data processing of the model goes:
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- The input is a tensor with a shape (number of damage events in a batch
packet, number of images per event, dimension of each image).

- Then the tensor is expanded into a shape for parallel processing of all
images.

- The extracted features are then rebuilt back into the form to preserve the
group structure.

- The features are aggregated by averaging over the dimensionality of the
images to form a single feature vector.

- Finally, these aggregated features are fed to the classification layer to

obtain the final predictions.

To train and optimise the model, we used the AdamW optimiser [33] with

different training coefficients and the CrossEntropyLoss loss function [34].
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5 RESULTS

5.1 First approach results

The results and hyperparameters of the trained model, using the first approach

with the ResNet50V2 model, are shown in Table 1:

Number
of
classes

Learning
rate

Batch
size

Dropo
ut

Training
time (in
minutes)

Was
overfitting?

Additionally

Accuracy

5

0.001

0.0

19.18

true

Freezing all layers
except the last 30
layers of the base

model,
No Regularisation L2

0.4681

0.0001

16

0.1

16.03

true

Freezing all layers
except the last 20,
No Regularisation L2

0.4184

0.01

32

0.2

31

false

Freezing all layers
except the last 10,
No Regularisation L2

0.4184

le-5

32

0.4

1.27

false

Freezing all layers
except the last 10,
with Regularisation L2

0.2826

le-4

32

0.3

0.39

false

Freezing all layers
except the last 10,
with Regularisation L2

0.4058

le-3

32

0.3

true

Freezing all layers
except the last 10,
with Regularisation L2

0.4755

5e-6

32

0.5

false

Freezing all layers
except the last 30,
with Regularisation L2

0.4476

0.001

0.0

3.27

true

Freezing all layers
except the last 30,
with Regularisation
L2

0.6626

0.0001

16

0.5

1.58

false

Freezing all layers
except the last 20,
with Regularisation L2

0.6404

10

le-5

32

0.1

1.2

false

Freezing all layers
except the last 20,
with Regularisation L2

0.4909
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except the last 30,
with Regularisation L2

11 2 0.01 32 0.4 2.16 false Freezing all layers 0.5091
except the last 30,
with Regularisation L2
12 2 Se-6 32 0.4 2.13 false Freezing all layers 0.4909

Table 1. Results of training model with different hyperparameters

As can be seen from the results in Table 1, the model did not achieve high

accuracy results. Also, in many cases, the model tended to overfit [35]. It can be

concluded that the key problem that affected the results of the experiment was the

specificity of the data. The dataset images contain not only various types of

damage, but also third-party objects such as rescuers, ambulances, etc. Such a high

noise level, different circumstances of the photos, complexity of visual scenes, and

an unbalanced amount of data per class negatively affected the model training.
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Figure 14. Model’s accuracy and loss function dynamics during the training

Figure 14 shows two graphics of the model’s accuracy and loss dynamics for

each case of training. Most of the graphs show typical signs of overfitting: Training

accuracy increases, while test accuracy fluctuates or even decreases. Also, training

loss steadily decreases, while test loss often increases after a certain epoch. Most of

the other cases show major problems, but the sixth subplot shows the best results

among the others, with an accuracy value of 0.6626. Although the test curve has

significant swings, the gap between the lines is the smallest compared to the other

cases. All these results indicate overall problems in the approach of using the

method with the basic architecture of ResNet50V2. The model quickly memorises

the features of the training data, but cannot effectively generalise them. This
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approach also cannot address high noise levels due to the inability to work with

such a specific dataset.

Despite using a powerful architecture such as ResNet50V2, which has
demonstrated high performance on many computer vision applications, it was
unable to attend to such a complex task. We can identify the following reasons for
its poor performance:

- The model is sensitive to noise and tries to find correlations between all
elements of the image, including third-party objects that are not related to
the type of damage.

- Overfitting due to the limited amount of data for certain classes of
damage and many different images, the model tends to remember the
features of the training set instead of learning general patterns.

- It is difficult for a model to abstract from context, as it may focus on

terrain elements instead of specific damage characteristics.

Thus, classifying the types of damage in real photographs from the war zone is
an increasingly difficult task, even for humans, due to the chaotic nature of the
destruction. However, if the dataset contains N classes of damage, the expected
accuracy of a random classifier is 1/N. Therefore, in our case, for 5 classes, the
random accuracy would be 20-25%, so the achieved accuracy of 66% is

significantly higher than the baseline.

5.2 Second approach results

The results of the second approach with a model using Image Fusion for two

classes (Air and Ground attacks) are shown in Table 2:
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Mode Ne Learning rate | Batch Size Accuracy Precision Recall F1-score
1 0.001 16 0.5859 0.6354 0.5859 0.5376
2 0.01 16 0.7374 0.7522 0.7374 0.7343
3 0.01 8 0.6202 0.6265 0.6202 0.6132
4 0.01 32 0.6121 0.6121 0.6121 0.6121
5 0.01 64 0.7010 0.7421 0.7010 0.6895

Table 2. Results of training the second model with different parameters and IF

From the results in Table 2, it can be seen that the model using Image Fusion

performs well. This approach significantly improves classification efficiency

compared to the first method based on ResNet50V2, with its best results at 73%

accuracy. This represents an improvement of 7.48 percent over the previous

approach. The high success rate of this IF technique was achieved due to the

following:

A particularity of the dataset used is the presence of several images
related to the same event (with a recorded day and a certain place, and an
object). The Image Fusion approach made it possible to effectively use
this data structure by combining information from different angles and
shooting conditions. It also helped to compensate for the flaws of
individual images. When real-world data does not have the best quality
(noise, poor lighting, blur etc.), IF overcomes these difficulties and
provides the model with the maximum possible information from the
fused image.

Processing multiple images simultaneously allowed the model to reduce
its sensitivity to context, better abstract from terrain, time of day, and
weather conditions. This helped it to focus on the characteristic features

of the damage itself.

33



- The use of the lighter ResNet18 model in combination with the
aggregation mechanism provided an effective averaging of features to

obtain a more robust representation of the event.
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Figure 15. Dynamics of the loss function and accuracy of the model during

training

Figure 15 illustrates two subfigures for each case of training: the left one is the
dynamics of the loss function, and the right one is the dynamics of accuracy in
training and test data. The second case of training demonstrates the most stable and
positive dynamics: The loss function graph shows a steady decline from around
0.85 to almost 0.65. The curve decreases smoothly, without sharp swings, indicating
a stable learning process; Test accuracy shows an almost steady increase from
around 0.5 to 0.7 and above. The training accuracy curve has a similar tendency,

demonstrating a good balance. In other cases, there are less ideal patterns: The loss
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function decreases but erratically, there is a significant discrepancy between training

and test accuracy, and swings in test accuracy indicate instability.
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Figure 16. ROC curves for a trained model with different hyperparameters
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Figure 16 shows different ROC curves for the corresponding model learning
cases. The second graphic demonstrates the smoothest curve with the highest AUC
(0.8153). This indicates the model's high ability to distinguish between classes. All
other curves are above the diagonal line, which indicates an above-average result,

where in all cases the models perform better than the random classifier.

Overall, the achieved classification accuracy of 73.74% has great practical value
in the context of the building damage classification task. Such a system can be used
to pre-classify a large number of incidents, leaving only questionable cases for
manual review. This model has potential for possible future integration into

automated shell damage analysis.
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6 CONCLUSIONS

The purpose of this course paper is to investigate the problem of classifying
building damage caused by military operations in Ukraine using machine learning
methods. We analysed the results of two approaches for implementation and
concluded which one is better in the applied context. Given the complexity of the
problem and the features of the dataset, the achieved classification accuracy is a
significant result. The developed models can potentially be used to automate the
initial screening of images and support decision-making in assessing the effects of

shelling.
Further development of the models may include improving data quality,

increasing balancing between classes, and modifying the architecture to include

segmentation and attention mechanisms.
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