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The article deals with the problem of automated semantic segmentation of cartographic images using deep
neural networks. Modern approaches to segmentation are analysed, and the choice of the U-Net architecture as the
optimal one for processing cartographic data is substantiated. The model was trained using pre-training on a large
set of images and subsequent retraining on a specialised dataset. The quality of segmentation was evaluated by the
Accuracy, F1 Score, and loU metrics. The results obtained indicate the high efficiency of the developed model for
the tasks of accurate terrain object detection and open up prospects for further improvement.

Keywords: semantic segmentation, cartographic images, deep neural networks, U-Net, machine learning,

image processing.

Introduction

In today's era of rapid development of digital tech-
nologies, automation of cartographic image processing
is becoming increasingly important. The growing
amount of spatial data obtained through satellite im-
agery and aerial photography, as well as the use of un-
manned aerial vehicles, requires efficient methods of
analysing them. Segmentation of cartographic images
is one of the critical stages of this process, as it allows
to identify and classify terrain objects, which is the ba-
sis for further mapping, monitoring and planning.

Traditional approaches to segmentation based on
manual processing or simple algorithms are increas-
ingly giving way to automated methods, in particular
those based on machine learning and computer vision
technologies [1]. The use of deep convolutional neural
networks significantly improves the accuracy and
speed of map data processing, reducing dependence on
the subjective human factor.

Automation of the segmentation process is of par-
ticular importance in the context of the need to
promptly update cartographic information, which is
critical both for civilian industries such as urban plan-
ning, agriculture, and environmental monitoring and
for defence needs, in particular in the context of modern
military conflicts.

At the same time, the use of neural networks for
cartographic image segmentation has a number of spe-
cific challenges related to the variety of image scales,
the use of conventional labels and a high level of object
generalisation. Therefore, it is important to develop
specialised data mining systems adapted to the peculi-
arities of cartographic data.

The aim of this study is to develop an automated
system for segmentation of cartographic images using
deep neural networks. To achieve this goal, it is neces-
sary to analyse existing segmentation methods, justify
the choice of neural network architecture, prepare and
process training data, train and test the developed
model, and analyse its effectiveness.

Review of recent works

In recent years, researchers have been actively
working on improving methods of automated semantic
segmentation of cartographic images, focusing mainly
on the use of deep neural networks. Traditional seg-
mentation methods, such as thresholding, regional fu-
sion or active contouring algorithms, although still rel-
evant for certain tasks, show limitations when pro-
cessing images with a large number of object classes,
fuzzy boundaries or high texture variability. That is
why methods based on deep learning technologies are
coming to the fore today [2].

A detailed overview of modern approaches to se-
mantic segmentation of remote images is given in [3].
The authors aimed to systematise existing methods for
segmenting high-resolution images using deep learn-
ing. The study considered both classical convolutional
neural networks and modern approaches based on
transformers. The use of semi-supervised and unsuper-
vised learning to address the lack of annotated data typ-
ical for remote sensing tasks was analysed. The results
of the analysis showed that hybrid models that combine
local properties of CNNs and global features of trans-
formers achieve the best results in complex scenes. The
authors emphasise that the future of segmentation lies
in the development of efficient models with low re-
source consumption and the ability to generalise to new
data types.

The problem of limited data volumes in segmen-
tation tasks in cartography was discussed in detail in
[4]. Their work was aimed at studying the effectiveness
of various deep learning strategies when the number of
training examples is small. The authors analysed the
possibilities of using pre-trained models on large da-
tasets and adapting them to specific mapping tasks
through fine-tuning. In addition, they considered meth-
ods of data augmentation and weak learning. The re-
sults showed that the use of pre-trained models signifi-
cantly improves the quality of segmentation, even in
the case of a limited number of annotated examples.
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The main conclusion of the authors is the need to com-
bine different techniques to achieve acceptable accu-
racy in low-data scenarios.

Another important area of segmentation technol-
ogy development is the use of transformers, which is
described in detail in [5]. The purpose of their study
was to analyse the effectiveness of architectures based
on the self-attention mechanism in remote sensing
tasks. The authors studied both pure transformers and
hybrid CNN+Transformer models, emphasising their
ability to better take into account the global context of
the scene compared to classical convolutional net-
works. The study demonstrated that transformers are
particularly effective for classifying complex multi-
spectral data and long-term context analysis of large
images. However, the authors also pointed out the high
computational cost of transformers, which requires fur-
ther improvement of their architecture for practical ap-
plications.

The aspect of implementing semantic segmenta-
tion algorithms in real time was covered in [6]. They
conducted a comparative analysis of the effectiveness
of various lightweight segmentation models suitable for
use on devices with limited computing resources. The
aim of the study was to evaluate the trade-off between
processing speed and segmentation accuracy when ap-
plying models to remote sensing tasks. The authors
found that models such as ENet and BiSeNet demon-
strate a satisfactory balance between performance and
quality, while heavier architectures that provide higher
accuracy are unable to operate in real time without a
significant reduction in resolution. The main conclu-
sion of the work is the need for further optimisation of
architectures to ensure segmentation at the edge device
level.

Thus, current research in the field of semantic seg-
mentation of map data focuses on the development of
hybrid architectures, improving the efficiency of learn-
ing with limited data, optimising models for real-time
operation, and extending the application to three-di-
mensional spatial data. These trends form the basis for
further improvements in automated mapping infor-
mation processing systems.

Description of deep learning model

Choosing a neural network architecture is one of
the key stages of building an automated map image seg-
mentation system. It determines not only the accuracy
of object recognition on the map but also the speed of
data processing, resistance to image variations, and the
ability to generalise the results to new data sets. Given
the specifics of mapping information, which is often
characterised by complex object boundaries, heteroge-
neous textures, and a wide range of scales, the neural
network architecture must meet a number of stringent
requirements: high segmentation resolution, preserva-
tion of spatial context, and efficient processing of fine
details.

Among a wide range of modern architectures,
such as Fully Convolutional Networks (FCN),
DeeplLabv3+, LinkNet, Attention U-Net, and others,
the U-Net architecture may be the most suitable for
solving the task at hand [7]. Originally developed for

biomedical segmentation tasks, this model has proven
its effectiveness in numerous industries that require ac-
curate object extraction in complex images. The sim-
plified architecture of the U-Net model is shown in Fig.
1. The input to the network is the original image X, and
the output is the corresponding predicted segmentation
mask.

The main advantage of the U-Net architecture is
its symmetrical encoder-decoder structure with skip
connections between the respective layers. The encoder
gradually reduces the image resolution by extracting
more and more complex features, while the decoder re-
stores the spatial resolution using information from the
corresponding encoder layers. The presence of direct
connections avoids the loss of important spatial infor-
mation, which is critical for accurate segmentation of
fine details and object boundaries in mapping images.
Thanks to this feature, U-Net demonstrates excellent
results even in cases of small amounts of training data,
which is a common situation when working with spe-
cialised map sets.

Another important advantage of U-Net is the rela-
tive simplicity of training. Compared to more complex
architectures, such as DeepLabv3+, which require fine-
tuning of atrus convolution and spatial pyramidal
smoothing parameters, U-Net requires fewer compu-
ting resources and converges faster during training.
This makes it particularly suitable for projects with lim-
ited hardware capabilities or requirements for rapid
data processing.

In addition, modifications of the basic U-Net ar-
chitecture, such as Attention U-Net, U-Net++, Multi-
ResUNet and Double U-Net, open up wide opportuni-
ties for further adaptation of the model to specific fea-
tures of cartographic images. For example, the use of
attention mechanisms allows the model to focus on the
most informative areas of the image, and the extension
of standard connections with dense blocks or multi-
level paths improves the segmentation of objects with
complex morphology [8].

The high efficiency of U-Net in the tasks of map
data segmentation is confirmed by the results of numer-
ous modern studies. In particular, in [9], it was demon-
strated that the basic U-Net model provides competitive
results of satellite image segmentation in urban area
classification tasks. The authors showed that the model
maintains high accuracy on fine structures, such as
roads and rivers, where other methods often lose de-
tails.

Another study [10] considered the use of U-Net
for multispectral segmentation of landscape objects.
The researchers noted the advantage of U-Net in restor-
ing the exact boundaries of objects with minimal shape
distortion, which is especially important for accurate
cartographic modelling.

Thus, the choice of the U-Net architecture for the
development of an automated cartographic image seg-
mentation system is reasonable and optimal. The com-
bination of accuracy, efficiency, ease of setup and wide
support in the scientific community makes this archi-
tecture the most suitable for solving the problem in this
study.
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Figure 1. Simplified U-Net architecture

Results and discussion

The open dataset Semantic Drone Dataset [11] is
used to train the neural network. This dataset focuses
on the semantic understanding of urban scenes to im-
prove the safety of autonomous flights and landing pro-
cedures. The images show more than 100 terrains taken

ground. The photos are marked with 22 classes of ob-
jects, such as pedestrians, trees, grass, buildings,
streets, etc. A high-resolution camera was used to cap-
ture images with a size of 6000x4000 pixels (24 MpX).
The training set contains 400 public images, and the test
set consists of 200 private images. Examples of images

from the training dataset are shown in Figure 2.
-

Figure 2. Examples of two images from the training dataset

The neural network model was written in Python
using the TensorFlow framework. The Transfer learn-
ing approach was used to speed up the experiment. The
U-Net network used in the study was pre-trained on the
ImageNet dataset. The Adam optimiser and the
SparseCategoricalCrossentropy loss function were
used to train the network on the data from the Semantic

Drone Dataset. The training lasted for 100 epochs with
a battle size of 32. The metrics used were Accuracy and
F1 Score to evaluate the classification accuracy and In-
tersection over Union (loU) to determine the segmen-
tation quality. Table 1 includes the reduction of the loss
function and changes in the accuracy metrics during
training.

Table 1. Training results

Epoch Loss Accuracy F1 Score loU
20 1.20 0.56 0.58 0.51
40 0.94 0.71 0.69 0.55
60 0.58 0.79 0.74 0.63
80 0.54 0.83 0.78 0.69
100 0.35 0.89 0.82 0.77

As a result of training, the network showed a
92.5% correct answer rate on the test set. The loU on
the test set was 0.79. The trained model accurately iden-
tifies the main classes of objects and their boundaries.
The separation of roads, buildings, and green spaces is

particularly well visible. There are minor differences in
the details between the true and predicted masks, but
the overall structure is preserved. In Figure 3, you can
see part of a street, a house, and people.
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Figure 3. Comparison of the segmentation result with the test street image

Figure 4 shows the square from the maximum
flight height of the drone. The model identified the
main buildings well (purple) but has some inaccuracies

Input Image
= 2

True Mask

in the details compared to the true mask. The overall
segmentation structure is preserved.

Predicted Mask

Figure 4. Comparison of the segmentation result with the test image of the square

The analysis of the obtained results shows that the
use of pre-training on the large ImageNet dataset has
significantly accelerated the model convergence on a
specialised set of cartographic images. After 40 epochs
of training, a significant decrease in the loss function
and a steady increase in the accuracy and F1 Score met-
rics were observed, indicating an effective transfer of
knowledge from the general classification task to the
specific task of semantic segmentation.

Of particular note is the fact that the model demon-
strates high accuracy in identifying large and well-
structured objects, such as buildings and road surfaces.
At the same time, the segmentation of small objects,
such as pedestrians or thin road infrastructure elements,
is less accurate. This is an expected result, as training
was performed on reduced-size copies of the original
images to optimise computing resources, which par-
tially leads to the loss of fine details [12].

Comparison of the predicted masks with the actual
markings shows that the main model errors are not so
much related to incorrect object classification as to in-
accuracies within the segments. In some places, the
model "blurs" the contours of objects or combines
neighbouring classes into a single area, especially in
cases of complex scenes with a large number of inter-
twined elements. This result indicates the potential ben-
efit of further using attention mechanisms or multi-
level augmentation in the learning process to improve
boundary localisation.

The evaluation of loU values for individual clas-
ses shows that the best results are achieved for objects
with clear texture features, such as grass or asphalt
roads. In contrast, objects with similar visual character-
istics, such as bushes and trees, are more likely to be
confused with each other. This once again highlights
the importance of a comprehensive training set, includ-
ing enriching it with examples that present complex
segmentation cases.

In general, the results indicate the high efficiency
of using the U-Net architecture for the tasks of auto-
mated semantic segmentation of cartographic images in
urban environments. It is worth noting that further ac-
curacy improvement is possible by introducing deeper
network modifications, improving the data preparation
strategy and applying specialised post-processing tech-
niques for segmentation results.

Conclusion

In this paper, a method for automated semantic
segmentation of cartographic images based on deep
convolutional neural networks is developed and inves-
tigated. The study analyses the current state of develop-
ment in the field of semantic segmentation. Based on a
detailed literature review and specific requirements for
map data processing, the article justifies the choice of
U-Net architecture as the most suitable for the task. Its
ability to preserve spatial details, efficient encoder-de-
coder structure, and high segmentation accuracy, even
with a limited amount of training data, provided opti-
mal results.

The model was trained using the open data set "'Se-
mantic Drone Dataset". The use of the transfer learning
approach and a pre-trained encoder based on ImageNet
significantly accelerated the learning process and in-
creased the model's ability to generalise. During the
training, a steady increase in key metrics such as Accu-
racy, F1 Score and loU was observed, which reached
89% and 0.77 on the validation set, respectively. On the
test set, the model demonstrated an overall accuracy of
92.5% and an loU of 0.79, which confirms the effec-
tiveness of the developed approach.

Experimental results showed that the model is par-
ticularly good at segmenting large and clearly struc-
tured objects, such as buildings, roads, and green
spaces. At the same time, the segmentation of small or
visually similar objects requires further improvement.
This indicates the prospects of using data augmentation
methods, attention mechanisms, and multilayer feature
processing to improve the quality of segmentation.
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In general, the study demonstrated that deep learn-
ing methods, in particular the U-Net architecture, are
highly effective tools for automating the analysis of
map images. Prospects for further research include test-
ing modifications of U-Net with attention mechanisms,
extending the model to multispectral and hyperspectral
data, and optimising the network for use on embedded
systems in real-time.
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