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Abstract. The research is aimed at developing an automated system for moni-
toring physical ground objects in emergency zones using on-board radar sys-
tems based on small aerial vehicles. The main task is to ensure the rapid detec-
tion of objects (trees, buildings, vehicles) in conditions of limited visibility
(smoke, low illumination) with the determination of their coordinates for search
and rescue operations and environmental monitoring. As a solution, a neural
network model of the YOLO family, adapted for processing the flow of radar
frames, was proposed. The key stages included: selection of the neural network
model architecture; preparation of the data set with synthetic and experimental
frame sets; data augmentation taking into account distortions on the frames.
The trained model demonstrated recognition accuracy of 93% for buildings,
89% for trees, and 87% for transportation. The coordinates of objects were
converted into the metric system of the carrier, which is critical for building
evacuation routes and assessing the consequences of disasters in emergency
zones. The results confirmed the effectiveness of the approach for the tasks of
environmental control, mapping and consequence elimination in emergency
zones. The on-board control system provides automation of the process of de-
tection and recognition of physical ground objects, while reducing the time of
these processes. Prospects for further research are related to the integration of
this approach into on-board multi-position complexes of small aerial vehicles
for operational analysis of emergency zones.
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1 Introduction

The use of visual information sources from onboard control systems of small aerial
vehicles (SAVS) is increasingly addressing tasks in various civil applications [1, 2].



An actual challenge is the operational aerial search and onboard monitoring of physi-
cal ground objects (PGOs), particularly in emergency zones (EZs) of natural or an-
thropogenic origin, where people may be present. When detecting PGOs in an EZ,
their coordinates are determined to assist survivors by delivering food, medicine, and
other essential supplies, as well as ensuring safe evacuation routes. To save time, the
search and monitoring of detectable objects must be automated.

The application of Earth surface monitoring systems onboard SAVs offers several
advantages. For instance, the detection of PGOs in low-light conditions, which is
challenging for visible-spectrum cameras [3, 4].

To address this actual task effectively, it is proposed to use radar-based Earth sur-
face monitoring systems [5, 6] capable of neural network-based PGO recognition
under complex visibility constraints, such as smoke coverage caused by wildfires.

However, reliable neural network recognition of PGOs in modern aerial Earth
monitoring systems requires enhancing the resolution of generated video frames, in-
creasing their frame rate, and improving the accuracy of PGO coordinate determina-
tion [7, 8]. This can be achieved through new perspective computer vision technolo-
gies and methods for high-frame-rate radar video frame generation and interframe
processing. Consequently, research and development in the field of radar video se-
guence generation, processing, and neural network analysis for aerial (multi-sensor)
computer vision systems and onboard Earth surface monitoring represent a vital sci-
entific direction.

This study focuses on ground object recognition, a critical research area in com-
puter vision aimed at object identification and localization in frames, including detec-
tion, coordinate determination, and classification. This technology is becoming in-
creasingly essential for security applications and operational aerial monitoring [9-11].

Most object recognition methods in imagery are automated methods. Recognizing
objects in radar video frames typically demands high-resolution imagery and the se-
lection of task-specific algorithms tailored to the case requirements.

2 Statement of the Scientific Problem

A key challenge in the aviation-based monitoring of vast Earth surface areas is the
necessity for regular and prompt automated surveillance of ground objects within
emergency zones (EZs). Implementing such operational and automated monitoring
requires addressing several specific features and demands, including the limited ac-
cessibility of ground equipment in certain cases [12, 13].

Therefore, the goal of this study is to select, train, and evaluate a neural network
capable of high-precision, comprehensive recognition of physical ground objects
(PGOs) with determination of their pixel-level coordinates in video frames, followed
by conversion of these coordinates into the coordinate system of the onboard control
system with computer vision [14, 15].

To address this problem, an approach utilizing radar data was implemented. Radar
data is used to generate video frame sequences, which are then processed using com-
puter vision methods, neural network analysis, and interframe processing [16-18].



The solution requires [19-22]:
1. Analysis of neural network architectures and selection of one that meets the
task requirements;
2. Definition of the selected neural network’s structure, accounting for the spe-
cifics of input radar video frames;
Determination of video frame requirements for neural network training;
4. Formulation of video frame requirements for testing the neural network dur-
ing computer experiments;
5. Preparation of video frames sequence for neural network training;
6. Implementation of neural network performance experiments using test da-
tasets;
7. Analysis of the functional capabilities of the selected and trained neural net-
work through quality metric evaluation.
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3 Selection of Neural Network Model and Definition of Its
Structure

Most object recognition methods for video frames rely on automated approaches.
Recognizing objects in radar video sequences typically demands high-resolution input
and the selection of a neural network architecture tailored to the task’s specific re-
quirements.

Commonly used neural network models for detecting objects of interest in radar
video frames include: YOLOV5/9, R-CNN, Fast R-CNN, Mask R-CNN, AlexNet,
AIR-YOLOvV3, VGG, ResNet, InceptionResNet, SqueezeNet, U-Net, SegNet,
DeeplLab v3, RetinaNet, TensorMask, MaskLab, and NFNets [23-25]. These models
have demonstrated effectiveness in detecting, classifying, and recognizing physical
ground objects (PGOs). However, the nature of the input data — radar frames and
annotated training samples must be carefully considered when developing a PGO
recognition system.

A comparative analysis of the aforementioned architectures, focused on training
with radar-specific video frame fragments, revealed that models from the YOLO fam-
ily (Fig. 1) are optimal for radar video frame sequences. Their key advantages over
other architectures include real-time operation capability and superior performance
metrics, such as recognition “precision” — proportion of correctly identified PGOs
and “completeness” of processed video data.
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Fig. 1. Architecture of the YOLO Neural Network

After defining the neural network structure, it is necessary to establish training and
testing requirements for partitioned radar data sequence and prepare its video frames
for neural network training.

4 Requirements for Radar Data Training Samples

In automated physical ground object (PGO) recognition systems, reference object
characteristics derived from annotated video frame fragments are used as benchmarks
during neural network training. The degree of similarity between the features of an
analyzed object of interest and reference characteristics determines the system’s abil-
ity to recognize objects accurately and autonomously. Therefore, it is critical to inves-
tigate PGO properties by establishing training dataset requirements, implementing
frame annotation, and subsequently training the neural network. Key considerations
include dataset size, video frame resolution, frame rate, and the inclusion of both
synthetic and experimental video frames.

The dataset must contain at least 1,000 video frames per object class, with 25...30%
comprising artificially synthesized video frames. A crucial factor for effective training
is video frame resolution, which must be sufficiently high to ensure adequate detail
for identifying PGOs and their attributes.

For instance, successful recognition at the object type level requires radar video
frames with a resolution of <0,25 meters per pixel (depending on range).

To enable real-time PGO recognition, radar video sequences must be generated with a
high frame rate >10 Hz.

Next, the raw video data meeting the above requirements must be preprocessed and
annotated to create a database of radar video frame fragments capturing ground ob-
jects of interest from multiple observation angles.
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5 Preparation of Video Frame Samples for Neural Neural
Network Training

The preparation of training data is a critical stage in developing aviation monitor-
ing systems capable of recognizing physical ground objects (PGOs).
The training process for the selected neural network architecture involves several
sequential steps.

1. Partitioning of Source Data. Upon acquiring radar echo signals and generat-
ing radio-frequency video frame sequences, the dataset must be divided into
two subsets. The first subset (comprising approximately 70% of the total da-
ta) is designated for neural network training. The second subset is intended
for testing and optimizing the operation of a trained neural network (it makes
up about 30% of the total amount of initial data).

2. Annotation of Individual Video Frames. Individual frames from the first sub-
set are imported into a software tool to isolate regions containing physical
ground objects (PGOs) and generate corresponding object masks. This pro-
cess annotates 70% of the selected frames, which represent diverse PGO
viewing angles and types. The masks, defined for each category, result in
distinctive annotations that correlate with specific object classes. The out-
come of this annotation step is a dataset of labeled frames with precise spa-
tial masks, enabling accurate training of the neural network for object recog-
nition tasks.

3. Detailing of Training Video Frames. Each video frame is subdivided into
grid cells to enhance the detection and analysis of small-scale objects. This
granular segmentation improves the proportion of correctly recognized
PGOs during the operational phase of the trained neural network.

4. Data Augmentation for Training Dataset. In cases of insufficient training da-
ta, the dataset must be augmented with synthetic frame fragments containing
required types of physical ground objects (PGOs). These fragments incorpo-
rate radar-specific distortions such as motion blur, speckle noise, brightness
variations, and other artifacts inherent to radar video generation. The inclu-
sion of such augmented data enhances the model’s ability to recognize ob-
jects of interest in low-quality frames.

Therefore, at this stage, the types of distortions and transformations inherent to the
selected dataset must be defined, taking into account the specific characteristics of
radar video frame sequence formation.

Subsequently, the neural network should be trained on the prepared data according to
the aforementioned steps, followed by testing using the appropriate dataset to evaluate
its functional capabilities and analyze performance quality. This process determines
the extent to which the neural network can effectively deploy its operational function-
alities in real-world deployment cases.



6 Requirements for Video Frame Samples in Neural Network
Testing

After training the neural network on relevant data, it is necessary to proceed to test-
ing on data not involved in training to verify functionality and evaluate recognition
precision and completeness.

The test video sequence must also be divided into individual frames and loaded in-
to the trained neural network. Testing involves processing each frame to detect physi-
cal ground objects (PGOs), enclose them in bounding boxes, classify them, and assign
unique identification numbers (UINs). UIN assignment enables counting the total
number of recognized PGOs while preventing duplicate counts if they appear in adja-
cent frames.

Processed separately frames are converted back into a video sequence to visualize

class-level recognition results and assess system performance.
If target precision and completeness metrics are not achieved, the network undergoes
retraining to enhance its functional capabilities. This iterative adjustment of network
weights and parameters continues until acceptable accuracy and completeness levels
are reached, ensuring reliable differentiation between PGO classes and accurate detec-
tion against background terrain.

The target object class for recognition is trees. Their umbrella-shaped canopy
structure enables neural networks to detect and localize them within bounding boxes
in video frames. This capability is critical for monitoring forested areas to assess their
current ecological status, as well as for evaluating wildfire impacts and post-fire dam-
age extent to quantify disaster scales.

7 Experimental Implementation and Neural Network
Performance Evaluation

To conduct experiments on radar frame recognition, dedicated test datasets were
utilized.

The YOLO neural network is used to detect predefined object classes (e.g., "ve-
hicle," "tree," "building", etc.) within the frames. Once trained for target categories,
the network identifies objects of interest, generating a list of detected objects with
their pixel coordinates in the current frame’s coordinate system.

For each detected object, class is verified. If the class matches the target object of
interest, a bounding box is drawn around it, and the box’s center coordinates (in
pixels) are calculated.

The coordinates are subsequently converted from the current frame’s coordinate
system to the carrier’s coordinate system of the onboard Earth surface monitoring
platform. Specifically, once object coordinates are identified within the frame’s
coordinate system, they are transformed into metric coordinates relative to the car-
rier. This conversion is applied to all recognized object classes in each frame of the
sequence, with output data specifying object class, count per frame, and global
metric coordinates.



Once all frames in the sequence have been processed by the neural network, all
recognized objects of interest are output with their coordinates, total counts per
class, motion parameters derived from interframe processing, and reconstructed
motion trajectories. This data can be utilized for subsequent analysis and temporal
position forecasting.

Experimental results demonstrated recognition accuracies of 93% for buildings,
89% for trees, and 87% for vehicles. The system achieves real-time performance
through scalability optimized for large-scale video sequences.

In addition to neural network-based detection, the system concurrently addresses
tasks such as coordinate determination, class-specific object counting, and trajecto-
ry reconstruction, as detailed in Table 1.

Table 1. PGOs coordinate recognition results

Obiject classes
Parameters o -
“trees” “buildings” “vehicle”
1. Number of objects in the frame, Ni=6 Nh=1 Nc=5
units
2. Recognition accuracy, % 89 96 93
3. Recognition completeness, % 92,2 97,5 94,7
4, Local coordinates of the first x =355,5, X =763,0, X =613,0,
object in the frame (X, y), in pixels y =256,5 y =447,5 y=79,5
5.Global coordinates of the first Xg =-0,55, Xg =-0,18, Xg=-1,91,
object in the frame Yq =-0,00 Yg=0,70 Yg=0,73
(Xg, Yg), in meters
6. Processing time of the current 0,567 s
frame, s
7. The average processing time of 4,955
the entire frame sequence, s

Based on the obtained results, it is concluded that the neural network has success-
fully accomplished the assigned task. Consequently, software has been developed for
recognizing objects of interest and determining their coordinates and motion parame-
ters in high-resolution video frames.

8 Conclusion

This study presents the implementation of neural network-based recognition of
physical ground objects (PGOs) for automated aviation monitoring systems tasked
with Earth surface zone control. The process includes selecting a YOLO-family neu-
ral architecture, defining its structure, formalizing dataset requirements, preparing
training and testing data, training the network’s specific structure, conducting testing
and analysis of its effectiveness. This methodology enables effective monitoring of
PGOs in terrestrial zones, including EZs with limited observability.



The trained neural network demonstrates successful recognition of target PGO
classes such as trees, buildings, and vehicles achieving required completeness and
accuracy rates. The system thus serves as a robust automated tool for PGO monitor-
ing, optimizing civil-oriented aviation control procedures.

The developed approach automates object coordinate determination, offering sig-
nificant value for applications such as environmental monitoring, geospatial mapping,
and other scenarios requiring precise geospatial data referencing. This research direc-
tion proves highly promising for aviation-based Earth surface monitoring, particularly
in disaster response and post-crisis assessment, where rapid and reliable EZ control is
critical.

Funding: This research was funded by the Russian Science Foundation (RSF No.
24-79-10259).
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