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NEURAL NETWORK METHOD FOR INVARIANT RECOGNITION 
OF VEHICLES IN AEROSPACE IMAGES

Purpose. This work proposes to develop a neural network method for invariant recognition of vehicles in high 
spatial resolution aerospace images using a Spatial Transformer Network.

Methodology. To ensure invariance to rotation, scale, and displacement of objects, the Spatial Transformer Net-
work (STN) and Rotated RoI Align modules are integrated, allowing objects to be classified and localised on the 
presented dataset. Model optimisation is achieved by minimising a multi-task loss function that considers recogni-
tion, segmentation, and control of STN transformation parameters to prevent overfitting.

Findings. The proposed architecture combines a multi-level representation of features with a decoding module for 
simultaneous semantic segmentation and accurate vehicle positioning. The proposed method was evaluated by com-
paring it with popular object detection architectures: YOLOv8, SSD, RetinaNet, Faster R-CNN, YOLOv5, and 
YOLOv7, on a specialized aerospace dataset. The model demonstrated the highest and most balanced performance: 
accuracy = 100.0 %, FP = 0, and recall = 95.5 % (107 out of 112 vehicles detected). It significantly exceeds the perfor-
mance of other neural architectures, which had either a high false positive rate (SSD) or low completeness (Faster 
R-CNN, 26.8 %), confirming the effectiveness of the proposed architecture.

Originality. A multi-component approach to detecting vehicles in aerospace images is proposed. It combines 
multi-level feature representation with Backbone Network, invariant STN mechanisms, and Rotated RoI Align. This 
combination ensures accurate detection of objects of arbitrary scale and rotation. Additionally, semantic segmenta-
tion of contextual information (such as roads and lanes) is applied, which increases the accuracy of object localiza-
tion. The proposed multi-task loss function simultaneously optimises vehicle detection, segmentation, and stabilises 
STN training. As part of the study, a specialised dataset was created from images taken with a SONY DSC-WX220 
camera. In this dataset, vehicles were annotated using oriented bounding boxes. This approach minimises the influ-
ence of the background and ensures correct model training.

Practical value. The developed method provides accurate and invariant detection of vehicles in aerospace images, 
allowing for automated assessment of traffic density and traffic flow characteristics. The technique can be used in traf-
fic management systems.

Keywords: semantic segmentation, aerospace images, invariant recognition, convolutional neural networks

Introduction. In recent years, the use of small, low-
altitude unmanned aerial vehicles (UAVs) for aerospace 
monitoring has increased dramatically [1, 2]. Unlike 
stationary cameras, UAVs offer a wider field of view, 
greater positioning flexibility, and the ability to quickly 
cover large areas, making them particularly valuable for 
military applications where timely information about 
the movement of vehicles and potentially hazardous ob-
jects is required. Thanks to the mobility of UAVs, it is 
possible to monitor territories in real time and obtain 
data for operational analysis, threat assessment, and ac-
tion planning [3]. In addition to military applications, 
the mobility and incredible detail of data from UAVs are 
indispensable for monitoring territories during emer-
gencies, such as forecasting and assessing the conse-
quences of flooding [4], where rapid and accurate analy-
sis of the situation is required.

Accurate detection of vehicles in aerospace images 
remains a challenging task due to the small size of ob-
jects, an insufficient number of distinctive features, and 
a complex ground background [5]. Additionally, there 
are problems with the invariance of models to changes 
in scale, rotation, and perspective effects, and the lim-
ited number of high-quality annotated datasets compli-

cates the training of effective neural network models. 
Previous methods that accounted for geometric distor-
tions by adding corresponding variations to training sets 
often resulted in high computational costs and potential 
degradation of network performance.

Deep learning methods have achieved significant 
success in image processing [6] and computer vision 
tasks, particularly in image restoration, object recogni-
tion, and classification [7]. However, in the case of de-
graded image quality, geometric distortions, or atmo-
spheric effects, the accuracy of classical models can be 
significantly reduced. For example, when recognising 
objects in images from long-range vision cameras or 
aerospace platforms, distortions in object structure due 
to air turbulence or perspective effects can lead to mis-
classification [8].

One approach to solving this problem is to augment 
the training set with artificially modified images (e.g., 
rotation, scaling, noise addition) to enhance model 
training and improve its ability to detect objects under 
various conditions accurately. However, this significant-
ly increases computational costs and may degrade per-
formance due to additional variation in the data. An al-
ternative approach is to use models to describe geomet-
ric transformations of images, but selecting an accurate 
model for different types of transformations is a complex 
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and time-consuming task. Therefore, it is relevant to ap-
ply neural network approaches for vehicle recognition 
that can automatically account for spatial transforma-
tions and ensure invariance to scale, rotation, and local 
changes.

Literature review. Traditional algorithms involve 
manual feature extraction [9], followed by classification 
using machine learning methods such as SVM or Ada-
Boost. This approach is labour-intensive and limited, as 
it only allows the use of superficial features, which sig-
nificantly reduces efficiency when processing scenes 
with small targets and complex backgrounds, typical of 
aerial photography.

The development of deep learning has opened new 
possibilities for vehicle recognition, as convolutional 
neural networks (CNNs) enable the automatic extrac-
tion of multi-level image features [10]. Deep learning 
algorithms for object detection are divided into two-
stage and one-stage algorithms. Two-stage methods first 
generate candidate regions and then perform target lo-
calization and classification. Common examples in-
clude Fast R-CNN [11], Faster R-CNN [12], and R-
FCN [13]. In [14], Faster R-CNN was utilized to detect 
six types of vehicles automatically, and a comparison of 
the basic architectures, including ResNet50, 
ResNet50V2, and MobileNetV3, was performed. The 
study emphasises that the choice of the base model sig-
nificantly affects the effectiveness of vehicle recognition 
systems. In study [15], an improved implementation of 
Faster R-CNN reduced latency and increased the ac-
curacy of small target detection, but required significant 
computational resources. In [16], a two-level method 
for detecting vehicles in aerial photographs is proposed, 
aimed at improving the accuracy of recognizing small 
and densely located objects. The authors developed a 
parallel regional proposal network (RPN) module ca-
pable of efficiently processing objects of different scales; 
however, the complexity of the model and the two-stage 
process limited its applicability in real-time.

Single-stage algorithms, such as YOLO [17–20] and 
SSD [21], perform localization and classification direct-
ly as a regression task, which provides greater speed 
while maintaining accuracy. The work [22] utilizes the 
YOLO11 architecture, which focuses on enhancing the 
speed, accuracy, and reliability of detecting various 
types of vehicles, including cars, trucks, buses, motor-
cycles, and bicycles, under challenging observation con-
ditions. In [23], improvements to the SSD algorithm are 
proposed to achieve an optimal balance between accu-
racy and speed during vehicle detection. The authors 
proposed an improved feature pyramid structure that 
aligns semantic and detailed characteristics to improve 
performance at different scales. In [24], the performance 
of Faster R-CNN, YOLOv3, and YOLOv4 was com-
pared on UAV data, but without considering the influ-
ence of the shooting angle and lighting conditions.

Thus, the analysis of current methods reveals a trade-
off between detection accuracy and speed, as well as 
challenges in working with small objects, complex back-
grounds, variable shooting conditions, and limited data-
sets. These problems create a need to develop invariant, 
computationally efficient neural network approaches for 
detecting vehicles in aerospace images that can adapt to 
various geometric distortions and object scales.

Purpose. This study aims to develop a neural net-
work method for invariant vehicle recognition in high 
spatial resolution aerospace images using the Spatial 
Transformer Network.

To obtain the stated aim, the following tasks are 
solved within the framework of this study:

-	to analyse existing methods for detecting vehicles 
in aerospace images, identify their advantages and limi-
tations in terms of accuracy, speed and invariance;

-	to develop a neural network model with Spatial 
Transformer Network (STN) integration for automatic 
correction of spatial transformations and improved clas-
sification accuracy of small objects;

-	to implement a method for pre-processing and 
augmenting aerospace images to improve the model’s 
robustness to changes in scale, shooting angle, and 
lighting conditions;

-	to conduct an experimental evaluation of the de-
veloped method on high-resolution UAV datasets, com-
pare its performance with existing two-stage and one-
stage detection algorithms;

-	to optimise the computational efficiency of the 
model, ensuring its applicability in real-time with high 
recognition accuracy.

Methods. The method for detecting vehicles in aero-
space images proposed in this work is based on a multi-
component neural network architecture that combines 
spatial feature matching, multiscale extraction of infor-
mative characteristics, semantic segmentation of road 
infrastructure, and targeted vehicle detection (Fig. 1).

The dataset was prepared based on high-resolution 
aerospace images obtained by a SONY DSC-WX220 
camera in low-altitude monitoring mode. The original 
high-resolution images were spatially fragmented into 
tiles of a fixed size of 200 × 200 pixels, ensuring the uni-
formity of input data and facilitating efficient batch pro-
cessing by a neural network. The selected tile size en-
abled the simultaneous preservation of sufficient local 
context for identifying small vehicles and reduced the 
computational load during model training. Based on the 
formed tiles, subsets were created for training (70 %), 
validation (15 %), and testing (15 %), ensuring the rep-
resentativeness of the data and the accuracy of the sub-
sequent evaluation of the model quality. Vehicle anno-
tation was performed for each tile separately and in-
volved the accurate selection of objects with the record-
ing of their position and orientation. Instead of tradi-
tional axis-aligned rectangles, Oriented Bounding Box-
es (OBB) were used, which are more suitable for aero-
space images where vehicles can be rotated at arbitrary 
angles. Each label contained the centre coordinates, 
width, height, and rotation angle, which minimised un-
necessary background and improved the accuracy of 
model training on small objects. The annotations were 
stored in text files, where each line described one object 
in a format compatible with the oriented detection com-
ponent in the Multi-Task Loss structure. All labels were 
organised in the corresponding train/labels and valid/
labels directories, which ensured clear structuring of the 
dataset and the possibility of its direct use during model 
training.

An aerospace RGB image with dimensions 
H × W × 3 is fed into the model to extract hierarchical 
features using the Backbone Network. This network is 
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based on the principles of the ResNet deep residual ar-
chitecture. Processing begins with an initial convolu-
tional layer (Conv1) with a kernel size of 7 × 7, which 
performs low-level feature extraction, such as detecting 
contours and textures. It is followed by a sequence of 
Residual Blocks (with depths of 3, 4, 6, and 3 blocks, 
respectively), which use a skip connection structure. 
These blocks form hierarchical multi-level representa-
tions that can describe both initial contours and more 
complex semantic structures. As the data passes through 
these blocks, intermediate feature tensors are formed, 
which serve as the basis for further parallel computa-
tions. Each convolutional layer in the Backbone Net-
work performs a convolution operation according to the 
principles of deep learning. Let RGB ∈ H × W × D denote 
the input feature tensor for an arbitrary convolutional 
layer. The set of trained convolutional kernels (filters) is 
denoted as F = [g1, g2, ..., gc]. The output feature channel 
VC for the cth filter gc ∈ K × K × D is calculated as a convo-
lution [25]
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where Y s is the sth input channel of the RGB tensor; 
gc ∈ K × K × D is a 2D spatial kernel that is part of the c th 
filter. After the convolution operation, a Batch Normal-
isation (BN) layer is applied to stabilise training and ac-
celerate convergence. To enhance representational 
power, a linear scaling (γ) and offset (β) transformation 
is performed, followed by a nonlinear activation func-
tion σ(ReLU)

( ( ) ).C c
outV BN V= σ γ ⋅ +β

The Spatial Transformer Network (STN) module is 
used to ensure invariance. The STN localisation net-
work consists of convolutional layers and fully connect-
ed layers that evaluate the parameters of the affine trans-
formation. Based on these parameters, the Grid Gen-
erator module forms a sampling grid, and the Sampler 
performs spatial feature transformation. STN allows lo-

cal areas to be brought to a standard orientation, im-
proving all further processing. After normalising the fea-
tures using STN, a multi-scale representation is formed 
based on a combination of 1 × 1 and 3 × 3 convolutional 
layers, ReLU activation, Max Pooling operations, and 
global aggregation (Image Pooling). The coordinated 
representation of different spatial scales ensures high de-
tector sensitivity to small vehicles, especially in complex 
background conditions.

The next stage is the decoder, which receives the fea-
tures formed by the Backbone Network and STN and 
uses them to perform parallel semantic segmentation of 
road infrastructure elements and detection of vehicles, 
ensuring invariance to their orientation in the scene. 
The semantic segmentation module is implemented as a 
U-shaped architecture. This structure works effectively 
for pixel classification tasks, as it preserves both global 
semantic features (high-level features) and precise spa-
tial details (low-level features). The architecture con-
sists of three sequential components: an encoder, which 
uses convolutional layers to gradually reduce spatial 
resolution and extract high-semantic features; a bridge 
layer, which contains the most compressed semantic 
representation of the scene; and a decoder. The decoder 
restores full spatial resolution and performs pixel classi-
fication using transposed convolutions to gradually in-
crease the resolution of the feature map. A key element 
of the U-shaped structure is skip connections to inter-
mediate feature levels. During the decoding stage, the 
channels of information received from the decoder are 
concatenated. This allows detailed spatial information 
to be efficiently transferred from the initial layers to the 
final layers, preventing the loss of precise object bound-
aries. The final result of the module’s work is a contex-
tual map. This map is a classification of each pixel of the 
image, containing semantic information about the key 
elements of the scene: roads, vehicles, and the general 
background. The generation of a contextual map pro-
vides semantic structuring of the scene and transmits 
this contextual information to the detection module. 
This increases the accuracy of localising small objects 

Fig. 1. Proposed intelligent method
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(small cars), as the detection module receives a priori 
information about the most likely regions for the pres-
ence of target objects.

The stage of ensuring invariance to the orientation of 
vehicles in the scene and their accurate detection is im-
plemented in a specialized module called Oriented De-
tection. Its main functional purpose is to ensure accu-
rate spatial localisation and determination of the rota-
tion angle of target objects, regardless of their arbitrary 
orientation in the aerospace image. The Oriented De-
tection module receives multi-scale features from the 
Backbone Network (in particular, after their transfor-
mation by the STN module) and a contextual map from 
the semantic segmentation module. The combined fea-
ture maps undergo additional processing through a se-
quence of convolutional blocks (3 × 3 with ReLU activa-
tion function) to enhance their semantic and spatial 
characteristics. The Rotated RoI Align operation per-
forms spatial alignment of features within corner (ori-
ented) regions of interest, eliminating dependence on 
the rotation angle of the object.

The feature-oriented alignment mechanism forms a 
standardised and invariant representation of features, 
which ensures increased accuracy of subsequent classifica-
tion and regression tasks. After feature alignment, regres-
sion of the parameters of the oriented bounding box (O) 
and classification (‘vehicle’/‘non-vehicle’) are performed. 
Each oriented bounding box (O) is described by parame-
ters (x, y, w, h, ∆α, ∆β), which form the vertices of the ob-
ject according to the Midpoint Offset Representation [26]
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The result of model optimisation is formed by mini-
mising the multi-task loss function (ℒ), which combines 
the results of all parallel tasks. It ensures simultaneous 
optimisation of invariance, segmentation, and vehicle 
recognition

ℒ = α ℒDetection + bℒSegmentation + γℒSTN,
where ℒDetection includes classification and regression 
losses for OBB; ℒSegmentation loss for pixel classification; 
ℒSTN loss related to the quality of spatial transformation. 
Minimising ℒ ensures that the model is robust in both 
detection and semantic understanding of the scene.

The result is the recognition of vehicles in an aero-
space image, highlighted by oriented frames. The calcu-
lation of the total number of vehicles (total vehicle 
counts) occurs after threshold filtering of predictions 
and application of the Non-Maximum Suppression 
(NMS) algorithm. The total number of vehicles is 
equivalent to the number of elements in the final, non-
redundant set of oriented bounding boxes. The integra-
tion of spatially adaptive mechanisms, contextual infor-
mation, and multi-scale feature analysis ensures high 
accuracy in detecting vehicles in complex conditions.

Results. An experimental assessment of the proposed 
method’s effectiveness in detecting vehicles in aerospace 

images was conducted by comparing it with YOLOv8, 
SSD, RetinaNet, Faster R-CNN, YOLOv5, and YO-
LOv7. The testing was performed on an aerospace image 
captured with a Sony DSC-WX220 camera. The total 
number of vehicles in the test set (ground truth) was 112 
units. At the same time, all models (both the proposed 
and the basic ones) were pre-trained on a large COCO 
(Common Objects in Context) dataset. The results were 
evaluated using the Recall metric, which is calculated as 
the ratio of the number of correctly detected vehicles to 
the total number of vehicles (112 units). For all baseline 
architectures, detection was evaluated using a minimum 
confidence threshold greater than 0.05. Table 1 shows 
that the proposed multi-component neural network ar-
chitecture demonstrates the highest performance among 
all tested basic object detection models. In particular, 
Recall was 33.9 %, which indicates the model’s ability to 
detect the most significant proportion of existing vehi-
cles (38 out of a total of 112 units in the test set). It con-
firms the effectiveness of integrating contextual infor-
mation through the semantic segmentation module and 
ensuring rotation invariance using STN and oriented 
RoI Align, which enables the detection of small and ar-
bitrarily oriented objects in high-resolution aerospace 
images. When compared to classical detection architec-
tures such as Faster R-CNN and YOLOv5, which typi-
cally achieve high accuracy on standard datasets (e.g., 
COCO), the Recall was 1.8 %. These models detected 
only 2 out of 112 vehicles, confirming that directly ap-
plying models trained on large, well-known datasets 
without implementing specialised invariant mecha-
nisms is ineffective for detecting small, oriented objects 
in aerospace images.

Based on the analysis of experimental results pre-
sented in Table 1 (where the direct use of models trained 
on COCO proved ineffective for detecting small and ori-
ented objects), one of the key steps in the proposed 
method was the creation and annotation of a specialized 
local dataset.

The specialized local dataset, created to solve the in-
variant detection problem, is organized according to 
standard deep learning methodology. The dataset’s 
structure includes sections for training, validation, and 
testing. To ensure maximum training accuracy, annota-
tion was performed using polygonal and oriented seg-
mentation. Fig. 2, a shows the annotation process, 
where vehicles are marked not only with horizontal rect-
angles but also with precise polygonal masks (filled in 
yellow). These masks enable the accurate definition of 
object boundaries for the semantic segmentation mod-
ule. An example of the final marking of vehicles, reflect-

Table 1
Vehicle recognition in an aerial imagery image 

on the COCO dataset
Neural 

architecture
Metrics

F1- score Accuracy Recall Precision
ResNet50 0.88 0.91 0.85 0.90
MobileNet 0.84 0.87 0.81 0.86
Inception 0.86 0.89 0.83 0.87
NASNet 0.89 0.92 0.86 0.91
EfficientNet 0.91 0.93 0.88 0.92
Proposed 0.92 0.94 0.90 0.93
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ing their arbitrary orientation and OBB accuracy, is 
shown in Fig. 2, b. The creation of a specialized dataset 
containing oriented detection labels was a fundamental 
prerequisite for the successful training of the proposed 
architecture and achieving high completeness scores, as 
it provides the model with the necessary invariant spa-
tial features and accurate geometric parameters for re-
gression. The proposed multi-component neural net-
work architecture was trained by minimizing the multi-
task loss function (ℒ), which combines the components 
responsible for detection, segmentation, and invariance. 
The optimization process was monitored by tracking the 
dynamics of the corresponding losses on the training 
and validation datasets.

Fig. 3 illustrates the changes in loss functions and 
metrics over 300 epochs. A stable and monotonic de-
crease in all loss components is observed, indicating ef-
fective and stable model convergence without signs of 
overfitting. At the same time, performance metrics, par-
ticularly the mean accuracy (mAP) at 50 % IoU 
(mAP50(B)) and the averaged mean accuracy 
(mAP50-95(B)), exhibit rapid growth and reach a pla-
teau after approximately 150 epochs, confirming the 
high efficiency of training. A comparative analysis of the 
effectiveness of the architectures under consideration, 
conducted on a locally generated aerospace dataset, re-

vealed significant differences in their ability to accurate-
ly identify vehicles in complex scenes. The summarized 
experimental results are presented in Table 2.

The YOLOv8 and SSD Detections models provided 
the highest number of total detections, but a significant 
imbalance between accuracy and completeness metrics 
accompanied this. Although the SSD architecture was 
able to detect 49 actual positive objects, it demonstrated 
an excessive number of false positives (FP = 54), result-
ing in low accuracy (47.6 %). This result confirms the 
limitations of high-speed models, which tend to inter-
pret visual noise or non-profile objects as vehicles. The 
YOLOv8 architecture demonstrated a better balance of 
performance (TP = 97), although the presence of 15 false 
positives led to a decrease in Precision to 76.4 % with a 
completeness of 86.6 %. However, even these results are 
inconsistent in dense and heterogeneous urban environ-
ments, which are typical for aerial images. Unlike the 
models discussed above, the YOLOv5 and YOLOv7 ar-
chitectures, as well as the proposed method, demon-
strated a complete absence of false positives (FP = 0), 
ensuring 100 % precision. However, their effectiveness 
varies significantly in terms of Precision. YOLOv5 de-
tected only a quarter of the existing objects (Recall 
26.8 %), indicating that a significant number of vehicles 
were missing. The YOLOv7 model demonstrated a sig-

Fig. 2. Local dataset creation for vehicle detection:
a ‒ polygonal annotation of objects; b ‒ vehicle detection on the road using the proposed method; c ‒ vehicle detection in a car 
park using the proposed method

a b c

Fig. 3. Graphs of the learning process of the proposed neural network architecture over 300 epochs
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nificantly better result (Recall 80.4 %), but it is still infe-
rior to the developed method. The proposed architec-
ture achieved the highest detection quality across the 
entire sample, combining perfect Precision (100 %) 
with high Recall, reflecting the model’s ability to avoid 
false positives simultaneously.

Fig. 4 compares ideal reference data (Fig. 4, a) with 
the output obtained using the proposed automatic ob-
ject detection technology (Fig. 4, b), illustrated here 
with an aerospace image of a parking lot as an example. 
The image shows the presence of various types of vehi-
cles in the car park, including passenger cars, pick-up 
trucks, and small vehicles such as motorcycles. Fig. 4, b 
shows, in a yellow frame, that the proposed technology 
correctly recognized the motorcycle. Fig. 4, a shows the 
ground truth image, in which all vehicles, regardless of 
their type, are accurately located and marked with blue 
rectangles. Fig. 4,  b shows the result of the proposed 
technology. The system successfully identifies most ob-
jects, and its key advantage is its ability to recognize ve-
hicles other than standard passenger cars. In particular, 
the object highlighted in yellow on the right side of the 
car park is identified as a motorcycle. It demonstrates 
the algorithm’s ability to classify different types of vehi-
cles. Although the number of detected objects partially 
differs from the reference image due to the omission of 
individual vehicles, visual analysis confirms the high ef-
ficiency of the developed technology in detecting and 
classifying heterogeneous vehicles in aerospace images.

Conclusions. The paper proposes a neural network 
method for invariant recognition of vehicles in aero-
space images, utilizing a Spatial Transformer Network, 
a multi-level feature extraction system, and a decoding 
module that provides simultaneous semantic segmenta-
tion of the scene and invariant detection of vehicles.

To ensure correct training, a specialized local dataset 
of aerospace images was formed, annotated with ori-
ented bounding boxes, which minimized the influence 
of the background and ensured accurate model training. 
Polygonal masks of road infrastructure were formed as 
an additional set of annotations necessary for training 
the segmentation module. These masks reflected the 
spatial configuration of the road infrastructure (the ge-
ometry of roads, intersections, and adjacent scene ele-
ments) in the form of closed polygons. They provided 
the model with contextual information, which signifi-

cantly improves the localisation of small vehicles in 
structurally complex environments. An experimental 
evaluation conducted on a locally generated dataset 
demonstrated the superiority of the developed method 
over modern vehicle recognition models, including 
SSD, YOLOv5, YOLOv7, and YOLOv8. The proposed 
architecture ensured accuracy (Precision = 100 %) with 
no false positives, as well as the highest completeness 
(Recall = 95.5 %) among the compared models, detect-
ing 107 out of 112 vehicles. The results obtained confirm 
that the developed method is an effective solution for 

Table 2
Vehicle recognition in an aerospace imagery 

on a custom dataset

Architecture
Number of 

detected 
vehicles

TP FP

R
ec

al
l,

% Pr
ec

isi
on

, 
%

Proposed 
multicomponent 
neural network

107 107 0 95.5 100.0

YOLOv8 Detections 127 97 15 86.6 76.4
SSD Detections 116 49 54 43.8 47.6
RetinaNet Detections 40 40 8 35.7 83.3
Faster R-CNN 55 55 6 49.1 90.2
YOLOv5 Detections 30 30 0 26.8 100.0
YOLOv7 Detections 97 90 0 80.4 100.0

Fig. 4. An aerospace imagery:
a ‒ ground truth; b ‒ result of the proposed technology

a

b
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Нейромережевий метод інваріантного 
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Мета. Розробка нейромережевого методу інва-
ріантного розпізнавання транспортних засобів на 
аерокосмічних знімках високого просторового роз-
різнення із використанням Spatial Transformer 
Network.

Методика.  Для забезпечення інваріантності до 
повороту, масштабу й зміщення об’єктів інтегрова-
но модулі Spatial Transformer Network (STN) і Rotated 
RoI Align, що дозволяє класифікувати й локалізува-
ти об’єкти на представленому наборі даних. Оптимі-
зація моделі здійснюється за рахунок мінімізації ба-
гатозадачної функції втрат, що враховує розпізна-
вання, сегментацію й контроль параметрів транс-
формацій STN для запобігання перенавчанню.

monitoring vehicles on aerospace images. The invari-
ance to the geometric parameters of objects, combined 
with the absence of false positives and high complete-
ness, makes the method promising for use in operation-
al analysis, resource accounting, and situational aware-
ness systems, particularly in real-time conditions.
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Результати. Запропонована архітектура, що по-
єднує багаторівневе представлення ознак і декоду-
вальний модуль для одночасної семантичної сег-
ментації й точного визначення положення тран-
спортних засобів. Для оцінки ефективності запро-
понованого методу проведене порівняння із попу-
лярними архітектурами виявлення об’єктів: 
YOLOv8, SSD, RetinaNet, Faster R-CNN, YOLOv5 
і YOLOv7 на оригінальному аерокосмічному набо-
рі даних. Метод продемонстрував найвищу та най-
більш збалансовану продуктивність: точ-
ність = 100,0 %, FP = 0, а повнота = 95,5 % (виявле-
но 107 із 112 транспортних засобів). Це значно пе-
ревищує показники інших нейромережевих мето-
дів, які мали або високий рівень хибних спрацю-
вань (SSD), або низьку повноту (Faster R-CNN, 
26,8 %), що підтверджує ефективність запропоно-
ваної архітектури.

Наукова новизна. Запропоновано багатокомпо-
нентний підхід до виявлення транспортних засобів 
на аерокосмічних знімках. Він поєднує багаторів-
неве представлення ознак із Backbone Network, ін-
варіантні механізми STN і Rotated RoI Align. Така 
комбінація забезпечує коректне виявлення об’єктів 

довільного масштабу й повороту. Додатково засто-
сована семантична сегментація контекстуальної 
інформації (дороги та смуги руху), що підвищує 
точність локалізації об’єктів. Запропонована бага-
тозадачна функція втрат одночасно оптимізує ви-
явлення транспортних засобів, сегментацію та ста-
білізує навчання STN. У межах дослідження сфор-
мовано спеціалізований набір даних, отриманий зі 
знімків камери SONY DSC-WX220. У цьому наборі 
виконане анотування транспортних засобів за до-
помогою орієнтованих обмежувальних рамок. Та-
кий підхід мінімізує вплив фону й забезпечує ко-
ректне навчання моделі.

Практична значимість. Розроблений метод забез-
печує точне й інваріантне виявлення транспортних 
засобів на аерокосмічних знімках, що дозволяє авто-
матизовано оцінювати щільність руху та характерис-
тики транспортного потоку. Метод може бути вико-
ристаний у системах управління дорожнім рухом.

Ключові слова: семантична сегментація, аеро-
космічні знімки, інваріантне розпізнавання, згорткові 
нейронні мережі
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