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Abstract. Deep neural network models are commonly used in com-
puter vision problems, e.g., image segmentation. Convolutional neural
networks have been state-of-the-art methods in image processing, but
new architectures, such as Transformer-based approaches, have started
outperforming previous techniques in many applications. However, those
techniques are still not commonly used in urban analyses, mostly per-
formed manually. This paper presents a framework for the residential
building semantic segmentation architecture as a tool for automatic ur-
ban phenomena monitoring. The method could improve urban decision-
making processes with automatic city analysis, which is predisposed to
be faster and even more accurate than those made by human researchers.
The study compares the application of new deep network architectures
with state-of-the-art solutions. The analysed problem is urban functional
zone segmentation for the urban sprawl evaluation using targeted land
cover map construction. The proposed method monitors the expansion
of the city, which, uncontrolled, can cause adverse effects. The method
was tested on photos from three residential districts. The first district
has been manually segmented by functional zones and used for model
training and evaluation. The other two districts have been used for au-
tomated segmentation by models’ inference to test the robustness of the
methodology. The test resulted in 98.2% accuracy.

Keywords: Transformers, SegFormer, Deep learning, Semantic segmen-
tation, Computer vision

1 Introduction

Suburbanisation, the process through which urban areas expand and evolve, is of-
ten seen as a positive outcome of population growth, rising incomes, advances in
transportation technology, and the decentralisation of jobs. However, a byprod-
uct of this process, known as urban sprawl, poses several challenges [6,22]. Urban
sprawl, a term encompassing various phenomena such as the expansion of ur-
ban boundaries, land use practices, and their consequences, leads to issues like
spatial mismatch between housing and employment zones, over-reliance on auto-
mobiles, fragmented local governance, and inefficient spatial planning [13]. These
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(a) Wietrznia, Kielce (b) Pod Telegrafem, Kielce (c) Marymont, Warsaw

Fig. 1: Analysed residential zones in Kielce and Warsaw

issues impact various dimensions, including economic (higher infrastructure and
public service cost, increasing unemployment), policy (unplanned growth, un-
coordinated development), environmental (loss of vegetation, increased pollu-
tion) and social (car dependency, poverty, reduction in social interaction) [4].

Traditional methods of urban analysis, often manual and time-consuming,
are increasingly supplemented by advanced technologies. There are some at-
tempts, including urban sprawl monitoring using artificial neural networks [25]
and convolutional neural networks [16,30]. There are also approaches based on
SegFormer architecture, described in Section 3.1, for the problem of semantic seg-
mentation of roads for sustainable mobility development [23], or buildings [12,21].

Our work examines the possibility of the application of deep-learning ap-
proaches to the problem of urban sprawl monitoring. We compared four deep
learning architectures (with a particular interest in SegFormer architecture [28])
and analysed their generalisation ability. In this context, we examined the City of
Kielce, experiencing significant urban sprawl [20]. The occurrence is growing [13]
and is particularly evident in suburban residential districts like Wietrznia area
(Fig. 1a) and Pod Telegrafem area (Fig. 1b). In contrast, the City of Warsaw,
particularly the densely developed Marymont district (Fig. 1c), presents a dif-
ferent scenario, with lower levels of urban sprawl [20].

Our research and obtained results show that the Segformed architecture,
trained initially for scene segmentation [34], can be applied – using manually
labelled aerial photos and AdamW optimising algorithm [15] – for urban area
segmentation. The proposed model achieved over 91 per cent accuracy on the
testing data, which was not obtained by several other architectures.

After segmentation, a vector representation of the functional area was cre-
ated, which can be converted to a segmentation map, substantively the same as
the land use map, within the selected functional zones. This map can be used for
further analysis, which is necessary in many fields, such as urban, economic, and
spatial planning. If this methodology were standard, there would be no problem
calculating such a map on the fly when new data is derived and monitoring the
growth of the residential area with streamed new data.
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The rest of this paper is structured as follows. Section 2 summarises re-
lated works in the segmentation area and deep-learning techniques. Section 3
presents the workflow of the proposed solution and the deep-learning model –
the SegFormer – used in the tests. Section 4 presents the obtained results on
three different data sets and compares our framework with other state-of-the-art
methods. Section 5 concludes the paper and presents possible further research.

2 Related works

A typical urban zone segmentation approach is image data for vector conversion,
often with the addition of socioeconomic data and then pixel-wise classification
with the use of algorithms like SVM [7], K-means [32], and XGBoost [2]. Also,
convolutional neural networks (CNN) are introduced as models, which oper-
ate on pure image data only and extract features from them as a part of the
learning process, like AlexNet and ResNet [9], custom CNN [35], DFCNN [1],
SegNet [24], DeepLab family [27], and attention-based systems [17]. Though
semantic segmentation of functional zones is complex and requires understand-
ing crucial image features and capturing context dependencies, the transformer-
based methodology seems the best intuition for the problem.

Vision Transformers (ViT) started from a concept of context dependencies
extended on the whole image [8]. A disadvantage of the ViT architecture is the
impossibility of solving more complex computer vision tasks, like detection or
segmentation. The first attempt to overcome this drawback was Pyramid Vision
Transformer (PVT) [26], a Transformer backbone for convolution block replace-
ment, not a complete architecture. Thanks to the pyramid feature generation, it
can work on image classification, detection and segmentation.

Transformer-based architectures have been invented for computer vision tasks
with different purposes like Swin Transformer [14] to improve ViT, networks
for image detection [5], or networks for image segmentation [5,33], especially
SegFormer [28], the model chosen for this work.

Several works discussed urban segmentation – using deep learning – before.
Pan et al. proposed using the U-net deep learning architecture to detect un-
planned urban settlements [18]. The proposed method led to an overall accuracy
of over 86% for the building segmentation, which can probably be improved
using newer network architecture.

Zhang et al. proposed a deep learning-based framework called RFCNet [31].
The solution did not work on aerial photos but fused multiple views and gen-
erated plausible and complete structures. The solution could be used in urban
sprawl observation because the authors presented that their solution can con-
struct roof structures from photos

Finally, Yi et al. created UAVformer, a composite transformer network for
urban scene segmentation of unmanned aerial vehicle (UAV) images [29]. The
system works on various kinds of photos and performs more complex scenery
segmentation than in our work. The obtained building recognition varies from
88.5% to 95.2% according to a data set. However, because the types of photos
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and the set issues are slightly different in our case, it is hard to compare the
results directly.

3 Methods

Fig. 2: Schematic workflow chart

In our work, we used maps from Kielce Geoportal (aerial photos and land
cover maps) from 2019 and Warsaw Geoportal (aerial photos) from 2022. Photos
from Kielce were used in the learning stage. Due to shifts and inconsistencies in
combination with the photos, the land cover map has been rejected as a ground
truth-functional zones segmentation map. Hence, data was labelled manually
through geographic information system (GIS) software based on information
about residential zone locations from the land cover maps. Then, the dataset
was tiled and split into train and test parts.

Workflow (Fig. 2) takes a tiled image and produces a segmented image to
classify a residential area. Although the dataset is limited to only three districts
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from two Polish cities, it was selected based on availability and relevance to the
specific urban areas. The intent was to focus on these regions to develop and
validate our deep-learning framework under controlled and consistent conditions.
This decision was also influenced by the constraints in data accessibility and the
computational resources required for processing more extensive datasets.

Construction of the dataset Data for SegFormer training and evaluation was
taken from Kielce’s open-access maps. The photo was from April 2019, and it
was constructed from a 5 × 5 centimetres from a plane flying 700 meters over
ground height. It was downloaded from GIS Kielce open-access Geoportal via
Web Map Service (WMS). The orthophoto was downloaded as a 1:500 scale map,
converted to 1200 dpi Portable Graphics Format (PNG). The map was labelled
in QGIS open-source software based on residential zone localisation information
from the land cover map obtained from Kielce Geoportal for the same scope as
the photo. Substantively, there were two classes: buildings and ground (building
surroundings). Later, the image from the photo was converted to an RGB JPG
image, and the annotated image with labels was converted to an 8-bit GRAY
JPG image. Next, both images were tiled to 512 × 512 pixels tiles. The class
information was coded according to the approach applied in the ADE20K se-
mantic segmentation dataset, which contains over 20K images annotated with
pixel-level objects [34]. Because we were implementing SegFormer architecture
from the Huggingface Transformers library, where class info is inherited from the
ADE20K dataset by default, we followed this behaviour and used the ADE20K
building class for houses and grass class for building surroundings.

Dataset preprocessing Training 29, 113 × 15, 938 pixels image from Kielce
Wietrznia residential district was tiled via OpenCV in Python programming
language. The final training dataset contained three-channel (RGB) 512 × 512
tiles. The supporting segmentation masks were delivered as one channel (GRAY)
512× 512 tiles. We removed empty tiles and tiles with 80% background and no
building class existence. So, the training dataset finally counted 812 images with
corresponding annotations.

Testing stages SegFormer was evaluated three times, presented in Fig 3. Dur-
ing the training, we checked the models’ performance on one house image from
Wietrznia district, which was from the same location as the training set but
was not a part of the training data. The model has not seen this exact house.
However, it was extracted from Wietrznia district, where the rest of the area
was used for the models’ training (Fig. 3a). The image was 1024 × 1024 RGB
JPG, which was tiled into four 512× 512 tiles.

After the experiment was done, the model was tested on the second Pod
Telegrafem dataset (Fig. 3b), which was a district 4 kilometres away from the
localisation of the training dataset and, of course, it also has not been seen by the
model during the learning phase. Photo was also RBG JPG image, with 3072×
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(a) Wietrznia (b) Pod Telegrafem (c) Marymont

Fig. 3: Testing datasets from residential districts. The area contoured in blue
was the training data for SegFormer. The yellow area (at the lower-left corner)
was the local part of the testing data. The areas contoured in magenta were the
remote parts of the testing data.

2560 resolution, divided into 30 512× 512 tiles. The last test was performed on
the residential district Marymont from Warsaw (Fig. 3c). Data for the SegFormer
test was the Warsaw open-access map. The photo was from April and May 2022,
and it was constructed from a 5×5 centimetres vertical photo from a plane flying
at 1600 meters over ground height, taken with a camera for vertical photographs.
It was downloaded from GIS Warszawa open-access Geoportal via WMS. The
photo was 2048× 2048 RGB JPG, divided into 16 512× 512 tiles.

To sum up, the testing stage included the same area but a different house,
from training data, data from the same city with similar building density and
architecture (mostly detached houses), and data from a different city, from
more densely built regions and a little more condensed architecture (more semi-
detached and terrace houses).

3.1 Deep learning model

In the proposed framework, we used SegFormer b5 [28], pre-trained on the
ADE20K dataset. We experimented with different versions of SegFormer, dif-
ferent epochs, and learning rates. The best combination was on the b5 version,
after 28 training epochs and a 0.0006 learning rate.

SegFormer architecture The applied model combines Transformer and Multi-
Layer Perceptron (MLP) architectures [26]. It consists of the encoder part for
feature extraction and the decoder part for upsampling and segmentation mask
prediction (Fig. 4).

The encoder’s input image is divided into patches of 4× 4 pixels. In contrast
to ViT, smaller patches work better in detailed classification, like semantic or
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