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STUDY OF METHODS FOR SEARCHING AND LOCALIZING OBJECTS

IN IMAGES FROM AIRCRAFT USING CONVOLUTIONAL NEURAL NETWORKS

The use of unmanned and manned aerial vehicles for remote object localization and classification is very
common. These methods are used in various systems, ranging from territory surveys to law enforcement.
Methods of object localization and classification using neural networks require a detailed study and research
of the quality of their work on data that has certain specifics, such as vehicle detection. The use of neural
networks to detect certain types of objects using images obtained from aircraft can also help in the study of
hard-to-reach locations. Therefore, the main subject of this paper is the localization and classification of
objects in images obtained using digital cameras mounted on aircraft. The main focus is on determining the
accuracy of object localization and detection using selected types of neural networks, which are the most
important indicators of neural network efficiency. The speed of a neural network is also an equally important
characteristic as it directly affects its ability to be used in tasks that require fast object localization, such as
video surveillance or automated car control systems. The main goal of this study is to study the accuracy of
object localization and classification in images obtained with the help of cameras mounted on aircraft, as well
as to study the speed of neural networks and determine the effectiveness of their application in real-world
conditions. The objectives of this study are to train YOLO v5, SSD, and Faster RCNNs on the VisDrone dataset
and to further study them on the vehicle localization dataset. The main goal of this work is to obtain statistics
on the performance of neural networks trained on the VisDrone dataset. On the basis of the obtained statistics,
conclusions are drawn about the effectiveness of the considered neural networks. The conclusions are drawn
by considering the speed of the model, localization (loU), and classification (Precision, Recall) metrics.

Possible directions for further development of the topic under study are presented as conclusions.
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Introduction

Motivation

The tasks of target (object) detection, localization,
parameter estimation, and recognition are classical for
radars [1], sonars [2], optical [3], and infra-red [4]
systems. Numerous approaches have already been
proposed and many efficient systems have already been
created and tested. However, the development of new
technologies and novel applications opens up new tasks
and ways to solve them [1, 2]. In particular, this relates
to tasks such as face recognition and law enforcement
[5], search of dangerous objects, detection of
lawbreakers, and traffic jams on roads [6], etc. For these
purposes, it has become popular to exploit images of
different origin, including those captured by sensors
installed on-board unmanned aerial vehicles (UAV) and
drones [7].

Such images usually have a rather large size or it is
necessary to process each frame of the video. The
number of objects to be detected in such images or
frames can be quite large (tens) as well, where it is
desired not only to detect and localize objects with

appropriate accuracy but also to recognize them. Note
that the objects might have different sizes and features.
Another problem is that data processing has to be
performed quickly enough [1, 2], especially if one deals
with video processing.

This set of requirements severely restricts the use
of traditional approaches for object detection and
localization. Most modern approaches that are currently
under design or are already used in localization and
classification of objects are based on convolutional
neural networks [1, 2]. Meanwhile, there are a huge
number of CNNs, and it is difficult to compare their
performance for the considered application. It is
important to study popular neural networks and
compare their performance. This study investigates the
use of convolutional neural networks for localization
and classification of vehicles and people in color images
and video frames.

State-of-the-art

By analyzing modern works on this topic, one can
notice the trends set in this area. First, it is common to
search for the fastest possible methods [7] that allow
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them to be used in real time without delays. Note that
real-time object detection in UAV-based remote sensing
is required in different scenarios [8, 9]. Computational
efficiency depends on several factors, including the
neural network (NN) architecture (than should not be
too complicated) and its realization [10].

Another important trend is the accuracy of neural
networks [11], which allows for reliable localization and
classification of an object. The problem is that alongside
the correct detection of objects under interest, some
methods are characterized by a high probability of false
detections [12]. Therefore, it becomes necessary to
spend additional time and effort to remove such falsely
detected objects from further consideration.

It is also worth noting that, when developing such
neural networks, as well as when using them, it is
necessary to choose a trade-off between speed and
accuracy [13], since the most accurate networks are
often less fast. This means that possible solutions must
be considered from different perspectives.

To determine the accuracy parameters of
convolutional neural networks for object localization
and classification, quantitative parameters (criteria)
must be applied. Parameters such as Intersection Over
Union (loU) [14] and classification accuracy, which is
characterised by Precision and Recall [15], are mostly
used. In this paper, we consider the parameters of start
time and inference time. Referring to the publications
[9, 10] that investigated neural networks for localization
and classification, the above parameters are sufficient to
determine the accuracy of a neural network.

Considering modern works on the topic of
research, it is obvious that there are a large number of
convolutional neural network (CNN) architectures,
which provide a wide choice for each application area.
At the same time, most studies provide only a general
overview of neural networks for localization and
classification based on common datasets. Note that there
are no commonly accepted datasets for which training
and verification must be performed. Therefore, the use
of neural networks for localization and classification in
the field of unmanned aerial vehicles requires a deeper
study of localization and classification accuracy.

Objectives and the approach

Our study focuses on the following three issues:

- to analyze the applicability of four modern
types of CNNs to the detection and localization of
typical objects in color images and videos acquired from
UAVs with a focus on CNN training and their
performance in terms of accuracy;

- to study the time expenses needed for CNN
operation under the same conditions;

- to compare CNN in terms of the
aforementioned metrics and to make conclusions
concerning the type or types of CNN to concentrate on
in further studies based on the obtained statistical data.

For this study, we used our own benchmark, which
employs the PyTorch library [16], to implement the
structure of the considered neural networks. The
implementation of the studied neural networks was
performed using publications that indicate the
appropriate optimizers and loss functions for their
training. The most popular datasets obtained from
unmanned aerial vehicles at the time of writing were
also used in this research.

1. Selecting the dataset for training
and testing

The main point in training neural networks is
choosing the right dataset for training and validation.
The accuracy of object detection and the quality of
classification depend on the choice of dataset.

To conduct the research, we chose two datasets
that were similar in mark-up but different in images and
content. The VisDrone dataset [17] was used for
training because it has many images, which are divided
into 10 classes of objects, which, as a result of
verification and analysis, were combined into 6 main
categories, which the model was trained to predict. The
resulting categories consist of the following:

- people, which are combined from the primary
categories of pedestrians and stationary people;

- car, which combines cars, pickups, and other
vehicles;

- buses (bus);

- trucks (truck);

- bicycles (bicycle);

- tricycles (tricycle), which also includes three-
wheeled vehicles with tents.

In the images that present statistics and example
images, objects are highlighted in different colors as
follows: people - purple, cars - dark green, buses — light
blue (mabel), trucks - coral, bicycles - light purple,
three-wheeled vehicles - red.

In total, the dataset consists of 6471 images for
training and 548 images for testing during the training
process. In the training part, blocks for 343205 objects
belonging to the 6 classes are identified (the distribution
by category is shown in Figure 1a). In the test part,
38759 objects were identified, the distribution of which
is shown in Figure 1b. Analyzing the obtained statistics,
we can see that most of the objects are cars, and a third
of all objects are occupied by people. Such indicators fit
our task quite well; therefore, this dataset was chosen as
the main one for training.
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The objects detected in the images are quite
different in size, which allows the model to be trained to
vary these sizes. This allows the resulting models to be
used at different distances from the monitored objects.
This makes it possible to keep the aircraft invisible
under different conditions without losing the quality of
recognition and classification. Examples of images from
the test part of the dataset are shown in Figure 2. The
colors that reflect the types of objects are indicated
above.
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Fig. 1. Distribution of categories in the VisDrone
dataset in the training (a) and validation (b) subset

To study the performance of the studied NN, we
used a dataset that is also a benchmark for tasks similar
to the one described in this article — Unmanned Aerial
Vehicle dataset (UAV dataset) [18]. The categories in
this dataset were mapped to the list of categories used to
train the networks. The dataset [18] has three categories
that fit well with the categories described above that
trained networks can classify. In particular, the
categories are cars, trucks, and buses. The distribution
of categories in the dataset is shown in Figure 3.

As one can see from the distribution, the dataset
contains only cars, trucks and busses, as the dataset is
intended for wvehicle search and classification.

Therefore, at the stage of model testing, we will also test
on a test sample from the VisDrone dataset. Most
objects in the dataset are cars. The original version of
the dataset contains more than 4000 images; however,
for the test part, we selected 1200 images from different
subsamples. In total, the test sample contains 130168
objects of different classes.
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Fig. 2. Examples of labelled images
from the VisDrone dataset
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Fig. 3. Distribution of categories in the UAV dataset

Figure 4 shows examples of test images from the
UAV dataset, considering the color classification from
the training data. The dataset contains a wide variety of
test images with different weather and altitudes. This
allows for a robust assessment of the model’s accuracy
under different conditions. The disadvantage of this
dataset is insufficient object labelling as the dataset is
presented for tracking moving objects; therefore,
stationary objects remain unclassified, which is evident
in the examples from the dataset in Figure 4.
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Fig. 4. Examples of labeled images
from the UAV datasets

2. Neural network architectures

To investigate the performance of modern methods
for searching and identifying objects in images or video
frames, we selected several popular neural networks and
built a common infrastructure for the research and
training of the selected neural networks. The selected
neural networks include the following: SSD, SSDLite
[19], YoLo v5 [20], and Faster RCNN [21]. The criteria
for choosing these particular networks were as follows:

- the declared accuracy of the network, which is
the primary criterion for selection;

- the size of the model, which is also one of the
main criteria because the model must work on portable
devices; and

- operating time (this is the declared processing
time for one image, depending on the device used);

- popularity at the moment and ease of
implementation (the network should be easily scalable
and can be improved in the future).

All the selected networks are quite popular in
modern projects and have relatively the same size,
claimed accuracy, and image processing time, which
will be studied in more detail in Section 4.

2.1. Single Short Detector and Single Short
Detector Lite

To train the Single Shot Detector (SSD) model, we
chose the standard implementation from PyTorch and
created our own script for training and measuring the
performance during training and evaluation. The pre-
trained VGG16 (Visual Geometry Group) model [22]
was chosen as the backbone because it was used in the
original implementation. This model can also use other
models as a backbone, such as ResNet [23] and
EfficientNet [24]. The backbone structure of the model
allows the use of a fleet of different models, but the use
of vgg16 as a base is a classic SSD implementation.

SmoothedL1Loss [25] was chosen as the loss
function in the training scenario. This loss function uses

the quadratic difference if the absolute elemental error is
less than beta or the L1 additive otherwise:

0-5(Xn _yn)z
Ih = beta
|Xn —Yn|—0.5%beta, otherwise,

, if [Xp —yp| < beta,

@)

where X, is the true information about the object,
yn is the predicted information about the object,
beta is the threshold of change between L1 and
L2 loss (hyperparameter, non-negative, default is 1.0).
The classification loss function in the training
scenario is CrossEntropyLoss [26]:

< exp(Xp ¢)
I, = _z w, log C—n'cyn,cv 2
=t > exp(xn ;)

i=1

where X, is the true classification data for the object,

yn is the classification vector provided by this
method,

W is the weight for each class,

C is the number of classes.

CrossEntropyLoss is used for unbalanced datasets
and allows the adjustment of weights for classes. The
input to this function is a vector of the same length as
the number of classes that the model can predict, where
each element is a class probability.

To match blocks in the training and metrics
evaluation mode, we used SSDMatcher, which uses
intersection through union to match object frames.
Boxes for which no pair is found are discarded. Once
the box pairs are detected, the learning algorithm
calculates the loss functions described above. Loss
functions are used to model back propagation during the
learning process. As an optimizer in the infrastructure,
we used the SGD optimizer [27].

The Single Short Detector Lite (SSD Lite) model
is a lightweight version of the SSD, which is described
above. This model was trained to obtain data on the
accuracy and speed of this method. Unlike SSD, this
method uses the MobileNet v3 large model [28]. It is
faster than VGG16 and has fewer parameters. Of
course, this reduces the accuracy of the model in
different tasks.

2.2. Faster Regional Convolutional
Neural Network

Faster Regional Convolutional Neural Network
(Faster RCNN) [21] is a continuation of the Regional
Convolutional Neural Network (RCNN) family of
models. The first model is a simple Regional
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Convolutional Neural Network (RCNN) [29]. Models of
this structure use an algorithm to generate regions in
which an object is likely to be present. Mostly, they use
a selective search algorithm to identify regions of
interest (ROI), and these regions are represented as
frames for the image. In the initial implementation, the
algorithm generated two thousand ROIs. Subsequently,
the generated regions are fed to the feature extraction
network and the classification subnetwork. The
classification subnetwork acts as a thresholding
processor by removing regions with no objects.

The next model is Fast RCNN [30]. This model,
like the previous one, creates a proposal of probable
regions using a Regional Proposal Network (RPN)
based on a selective search algorithm. What makes this
model different from the previous model is that the
network is run for the full image and cuts off the
proposed blocks from the network, reshaping and
classifying them. This method is called ROIPooling.

The third generation of RCNN models is Faster
RCNN. The structure of the model is very different
from that of the previous models, but the algorithm is
very similar. In this model, the Regional Proposal
Network (RPN) is integrated into the neural network,
which speeds up this model up to 10 times. In this case,
the RPN uses a feature map to create suggestion
regions. In our implementation, the mobilenet_v3_large
network is used as the algorithm for extracting features
from the image.

To train the Faster RCNN, we used a smoothed L1
(1) loss function, which is identical to that used for SSD
and SSDLite. This loss function was used twice: the
first time as a loss function for the predicted blocks and
the second time as a loss function for the region supply
network. This model also uses a loss function for
classification and objectivity. The classification loss is
the cross-entropy according to the SSD model. The
objectivity loss function is calculated for the RPN part,
which reflects the number of accurately predicted
regions regardless of the predicted class. This loss
function is a binary cross-entropy function with logits:

In =-Wp [yn log G(Xn)+(1_yn)log(1_0(xn))]v ©)

where X, is the input classification vector,
yn is the true classification vector,
o(Xn) is the probability of each class.

2.3. YOLO V5

YOLO (you only look once) is a family of models
based on one-step regression. The architecture of YOLO
v5 [20] is based on the updated Darknet layers used in
YOLO v3 [31]. For our task, we chose the smallest
version of the model from the official git repository.

To train YOLO, we used binary cross-entropy
(BCE) with logit loss as a loss function, which
combined the sigmoid layer and BCE loss in one class.
This loss function is used to classify and measure the
performance of the objects. The intersection of union
(loU) [14] is used for regression and box sorting, and
the resulting predictions are used to merge the target
and predicted boxes. The BCE loss for object detection
accuracy is represented by the object prediction score,
which is a binary metric that does not pay attention to
class. The loss of BCE for classification is shown by the
object category prediction accuracy score. Equation 3
shows the original formula for measuring the binary
cross-entropy loss:

3. Neural networks training

For the neural network training process, we used
the implementations described in the previous section.
Each network was trained for 300 epochs, and during
the training process, metrics were calculated that reflect
the accuracy of the model and its progress in training.
The resulting metrics were calculated for the loss
functions also described for each of the neural networks.
This training process allows tracking the accuracy at
each stage of training and selecting the model
checkpoints that are as accurately as possible.

To train SSD model, we set the learning rate to
1x10® and the weight decay to 5x10™*. This neural
network was validated every epoch, and its loss
functions were calculated. The data obtained are
presented in Figures 5, 6 (one step-one epoch). Figure 5
shows the dependency of the regression loss function
versus the validation step. Figure 6 shows the
dependency of the classification logarithm versus the
validation step with parameters similar to the loss
function for boxes.
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Fig. 5. Dependence of the regression function of losses
for boxes on the validation step for SSD network

To train the SSD Lite network, we used a training
process similar to that for SSD, which is described
above. Figure 7 shows a plot of the regression loss
function versus the validation step (1 validation step per
epoch). Figure 8 shows a graph of the classification
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logarithm versus the validation step with parameters
similar to the loss function for boxes.
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Fig. 6. Dependence of the classification loss for boxes
on the validation step for SSD network

Analyzing the data obtained, it is noticeable that
the reduced backbone affects the quality and performs
better than the enlarged version for this task. It is also
noticeable on the speed of operation, the analysis of
which will be presented in Section 4.
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Fig. 7. Dependence of the regression function of losses
for boxes on the validation step for SSDL.ite network
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Fig. 8. Dependence of the classification logarithm
for boxes in the validation step for SSDL.ite network

To train Faster RCNN (network structure
described on 2.2), we used a stochastic gradient descent
(SGD) with a learning rate of 1x10- and a weight decay
of 5x10*. The network was trained for 300 epochs and
validated twice for each epoch. Figure 9 shows a graph
of the regression loss function for the blocks from the
regional offer network, and Figure 10 shows a similar
loss dependence for the predicted blocks. Figure 11
shows the dependence of the loss function for the
objectivity from the RPN, and Figure 12 presents the
dependence of the classification loss for the predicted
values.

When analyzing the obtained values, we can
conclude that the investigated method is more accurate
than the previous methods (SSD and SSD Lite
networks) and has better convergence of the loss
function. There is also a sharp decrease in most of the
loss functions, which reflects the model’s fairly good
ability to learn on the selected dataset.
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Fig. 9. Dependence of regression losses for predicted
frameworks in RPN on the validation step
for Faster RCNN network
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Fig. 10. Dependence of the regression losses
for the predicted framework for validation
step for Faster RCNN network
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Fig. 11. Dependence of the loss function
for predicted objects in RPN during the validation step
for Faster RCNN network
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Fig. 12. Dependence of object classification
loss function in the validation step
for Faster RCNN network
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For training YOLO v5 model, we used the Adam
complex optimizer [32] with a learning rate of 0.01. No
weight decay was used for the bias and normalization
layers, and weight decay with a value of 1x10° was
used for the batch normalization layers. The model was
trained for 300 epochs, and each epoch was evaluated
using metrics. Figure 13 shows the dependence of the
loss function for object detection accuracy for the
trained model, and Figure 14 shows the dependence of
the loss function for classification on the epoch.

When analyzing the obtained dependencies of the
loss functions on the training step, we observe a sharp
drop in the values of the loss function, which reflects
the ability of the model to learn on the selected dataset,
similar to the Faster RCNN model, which, judging by
the results, is competitive with the networks studied in
this subsection. In addition, the loss functions converge
quite well until the last stages, where they show almost
identical values, which means that the convergence
function has reached a plateau. The obtained results of
the loss function are the smallest of the studied NN
variants.
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Fig. 13. Dependence of the loss function for object
detection accuracy on the epoch of YOLO v5
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Fig. 14. Dependence of the loss function for object
classification accuracy on the epoch of YOLO v5

5 i
2003
I
g
E H
2 0.02 \‘
8
2
=
0 50 100 150 200 250 300
Step

Fig. 15. Dependence of the object localization loss
function on the epoch of YOLO v5

4. Analysis of the results

4.1. Determining localization
accuracy metrics

The metric most commonly used to reflect the
accuracy of object localization using neural networks is
intersection over union (loU [14). This metric calculates
the ratio of the intersection area of the predicted block
and that marked in the process of creating the dataset to
their total area. The data are displayed in a percentage
gradation, where 1 is the most similar blocks and 0 is
the blocks that do not intersect at all.

This relationship can be represented by the
following formula:

|ANB|

loU = ,
|AUB]|

(4)

where A is the coordinates of the predicted block,
B is the coordinates of the marked block.

Using the previously obtained models, we
evaluated this metric for each model and visually
interpreted the results using the graph presented in
Figure 17. The data obtained are also presented in Table
1 for comparison by numerical parameters.

Analyzing the obtained localization accuracy data,
we can see that YOLOV5 shows the best result among
the studied networks, and the FasterRCNN network has
a fairly similar result. The structure of the SSD models
shows a rather poor result according to the loU metric,
which indicates that it is inappropriate to use these
models in real-life conditions for the studied task.

4.2. Determination of the object classification
accuracy metrics

To determine the accuracy of the object
classification (or objectness), we used the UAV dataset,
in which all labelled data were combined into one class.
This type of accuracy determination is useful for models
that do not need to be accurately classified into multiple
types. In the UAV dataset, only vehicles are labeled,
therefore, when calculating classification accuracy
parameters, classes can be neglected.

In this test, we measured the objectivity metrics for
the trained Precision and Recall models [15]. These
indicators reflect the accuracy of the prediction
regardless of the class. For each model, we calculated
Precision and Recall. Precision shows the proportion of
relevant instances among the retrieved instances, and
Recall shows the proportion of relevant instances that
were retrieved. In mathematical terms, these metrics can
be expressed as (5) and (6):
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©)
where TP is the number of correctly predicted classes,

FP is the number of negatively predicted classes.

Ro_TP
FN-TP

(6)

where TP is the number of correctly predicted classes,
FN is the number of negatively predicted classes
that should be positive.

Because this metric is measured for a single class
in this case, TPs are represented as objects that match
the target objects. FP are objects that do not match the
target objects. Finally, FNs are objects that do not have
a pair in the target set. The intersection over union
metric (loU [14]) with a threshold of 0.5 was used to
match objects.

The accuracy and memorization rates are shown in
Table 1.

Table 1

Accuracy, recall, and loU metrics for the trained models

Metric | SSDLite | SSD |FasterRCNN | Yolo v5s
Precision | 0.048 | 0.349 0.528 0.540
Recall 0.0059 | 0.055 0.627 0.928
loU 0.01 0.03 0.645 0.672

Analyzing the results, we can conclude that the
SSDLite and SSD models predict many objects that
cannot be compared with the target objects. In addition,
these models have poor prediction speed for the target
objects. Faster RCNNs have fairly good accuracy rates,
which show that the model predicts more than 50% of
the objects accurately, but it generates slightly less than
40% of the objects that are not represented in the target
set. The best performance in this case was shown by the
Yolo vbs model. It predicts more than 50% of the
objects correctly and has some false positive objects
(less than 8% of bad cases). Figure 16 shows the visual
results for all models. In the image, green rectangles
show the objects that are matched to the target objects,
and red rectangles show the objects that are not matched
to the target objects. Figure 17 shows a visual
representation of the accuracy and recall scores.

4.3. Comparison of the inference time

Speed is a critical metric for wrapper models.
Comparing the inference time is used to select a model
for different tasks, choosing the best option between the
best accuracy or speed. To measure the time, we used
100 generated arrays of size 3x640x640 representing
RGB images. We also measured the start time because
this parameter is also important for using the model. To

measure the time, we used PyTorch with NVidia CUDA
support, and all measurements were performed on an
NVIDIA GTX1660 GPU with an Intel i9-10900
processor and 32 GB of DDR4 RAM. Table 2 shows the
results of this comparison. Analyzing the results, we can
conclude that YOLO v5s is up to 5 times faster than
other models, which is another advantage of this model.

Conclusions

On the basis of the results obtained in the process
of training neural networks and at the stage of their
testing, we have obtained estimates of the effectiveness
of each model and the feasibility of their application in
real systems for the studied problem. Thus, during
training, it is noticeable that the YOLO v5 and Faster
RCNN networks show better results according to all
metrics compared with networks with the SSD
structure. During the testing process, we determined the
recall and accuracy metrics for each of the obtained
networks. In this sense, YOLO v5 and Faster RCNN are
also favorites although YOLO v5 shows slightly better
results. We also measured the localization metric (loU)
and proved that the best results were observed for the
same network. Based on the data obtained, as well as
using the statistics on the processing time of one image,
which is much shorter for the YOLO v5 model, it can be
argued that the YOLO v5 model is the most efficient for
the task under study:.

The results obtained in this study are sufficient to
consider YOLO V5 as the best neural network for
localizing and classifying objects in images taken from
unmanned aerial vehicles among the studied neural
networks. Metrics are also presented, and their analysis
allows you to choose the best neural network for your
own needs.

In the future, it is also advisable to consider these
models in the context of imperfect or poor image
quality, which is caused by distortions due to various
factors [33, 34], such as low sensor resolution or
compression of visual data [35], for faster transmission
by communication. It is also worth considering datasets
for narrower training, e.g., only for transport detection.
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Fig. 16. Prediction results for SSDLite (a), SSD (b), Faster RCNN (c), and Yolo v5s (d)
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Fig. 17. Results (metric values) for the trained model
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JOCJIJI)KEHHS METOIB TOIIYKY TA JIOKAJI3AIIII OB’€EKTIB HA 30bPAXKEHHAX
3 JITAJIBHUX AITAPATIB 3A JOIIOMOI'OIO 3rOPTKOBUX HEMPOHHUX MEPEX

Pocmucnas Ilexmucmpo, Onexciit Pyoens,
Bonooumup Jlykin

BukopucranHs 0€3MiIOTHHX Ta MIJOTOBAHWX JITAIBHUX arapariB U 3a1ad JUCTAHIIHOI JIOKawizamii Ta
knacuikamii 00’ €KTIB € Qy)Ke TOMUPEHNM B HAIll Yyac. 3a3Ha4eHi METOAN BUKOPHUCTOBYIOTHCS B PI3HHX 32 ceporo
3aCTOCYBaHHS CHCTEMaX, BiJl JOCIHIIKEHb TEpUTOpIA 10 3a0e3leueHHs MPaBOMOpsAIKy. MeToau Iokamizamii Ta
knacudikanii 00’€KTiB 3a IOMOMOrol0 HEHPOHHHX MEpEeX MOTPeOyIOTh AETAIFHOTO BUBYEHHS Ta JOCIIHKEHHS
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SIKOCTI 1X pOOOTH Ha JaHWX, SKi MalOTh BH3HAYCHY CHEeNUQiKaIlilo, HANpUKIAJ JCTCKTYBaHHSA TPAHCIOPTY.
BukopucranHs HEHpOHHHX Mepex ISl JAETEKTYBaHHS OKpPEMHUX THUIIB 00 €KTiB 3a JIONOMOTOI0 300pa)eHb, IO
OTpPHMaHi 3 JITATGHUX alapaTriB MOXe JOTOMOTTH TaKOK B MPOOIEMax MOCHTIKEHHS BaXKKOMOCTYITHUX JIOKAIIiM.
Came TOMY OCHOBHOIO TeMOIO JaHOI poOOTH € JoKaizamis Ta Kiacuikalis o0’€KTiB Ha 300pakeHHSX, IO
OTpPHMaHI 3a JOMOMOTOK KaMmep, sSKi BCTAaHOBICHI Ha JiTampHUX amaparaX. OCHOBHY yBary HPHBEPHYTO IO
BH3HAYCHHsI TOYHOCTI JIOKATi3aIlii Ta JNETEKTYBaHHSA 00’ €KTIB 3a JONMOMOIOK OOpaHHWX HEHPOHHHX MEPEK, IO €
HaMBaXKIIMBIIIMM TIOKa3HUKOM B e(EKTHMBHOCTI HEHpOHHOI Mepexi. TakoK He MEHII BaXXJIMBOIO OILIHKOIO €
LIBHIKICTH POOOTH HEHMPOHHOI Mepexi, aJpKe 11e HApsMY BIUIMBA€ Ha MOXJIMBICTD I BUKOPUCTAHHS B 3aJa4ax, e
MoTpiOHA MIBHJKA JIOKaJIi3allist 00’ €KTy, HaIpHUKIIa/] BiIEOCTIOCTEPEKEHHS UM CHCTEMH aBTOMAaTHYHOIO KepYyBaHHS
aBTOMOOisIeM. OCHOBHOIO METOI0 POGOTH € JIOCHTIDKEHHS TOYHOCTI JIOKalmizamii Ta kKiacudikamii o0’ekTiB Ha
300pa)XEHHSIX, OTPUMaHMX 32 JIONOMOTOK0 KaMep IO BCTAHOBJICHI Ha JIITAIbHUX amaparax, a TaKoX JIOCHiKeHHS
LIBHKOCTI pOOOTH HEHPOHHHX MEpEeK Ta BU3HA4YEHHS e(EeKTHBHOCTI X 3acCTOCyBaHHS B peajbHUX YMOBaxX.
B3agauamu poboru e HapyanHs YOLO v5, SSD Tta Faster RCNN na HaGopi manux VisDrone ta ix momainbiie
JOCITIJDKEHHST Ha HaOopi JaHMX JUIs Jokasizamil TexHikn. OCHOBHHMH pe3yJIbTaT POOOTH - OTPUMAaHHS CTaTUCTHKH
pobOTH HEHPOHHHMX MeEpeX, IO HaBueHi Ha Habopi manmx VisDrone. Ha ocHOBI OTpUMaHOI CTATUCTHUKH HaaHi
BHCHOBKH 111010 €()EeKTUBHOCTI 3aCTOCYBaHHS OTPUMAaHUX HEHMPOHHMX Mepex. BHCHOBKHM 3po0ieHi 3 BpaXyBaHHIM
HIBUIKOCTI poOOTH Mozerni, MeTpuk mo nokamizamii (loU) Ta kmacudikamii (Precision, Recall). Takox B skocti
BHCHOBKIB HaJ[aHO MOXKJIMBI HAlPSIMKH TOJAJIBIIOTO PO3BUTKY JOCIIDKYBaHOI TEMHU.

KurouoBi caoBa: nokamizamis 00’extiB; YOLOvV5Ss, SSD, FasterRCNN, kmacudikaiis TEXHIKH, JiTalbHi
arnapary.
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