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Abstract—Identifying objects from drone images is a state-of-the-art task for artificial neural networks. 
Since drones are always moving at different altitudes, the scale of the object varies greatly, making it 
difficult to optimize the networks. Moreover, flying at high speeds and low altitudes leads to blurred 
images of densely populated objects during movement, which is a problem when solving the problem of 
recognizing and classifying small sized objects. This paper addresses the above problem solutions and 
solves them by applying an additional prediction model to identify objects of different scales. We also 
modify the loss function to penalize larger objects more and vice versa to encourage recognition of 
smaller objects. To achieve improvements, we use advanced techniques such as multiscale testing, image 
blurring, object rotation, and data distortion. Experiments with a large data set show that our model has 
good performance in drone images. Compared to the baseline model (YOLOv5), our model shows 
significant improvements in object recognition and classification. 

Index Terms—Unmanned aerial vehicle; YOLO; feature maps extraction object detection; classification 
problem; hybrid neural networks. 

I. INTRODUCTION 

The scope of modern unmanned aerial vehicles 
(UAVs) affects both the civilian and special spheres: 
a reconnaissance of the terrain, aerial image 
analysis, security of protected objects, intelligent 
surveillance, route inspection, environmental 
monitoring, patrolling borders, traffic control, 
emergency assistance, etc [1] – [4]. In this article we 
focus on improving object detection. With help of 
image processing, based on video information from 
drones, and provide information on the numerous 
applications mentioned above. 

In recent years, we have seen significant progress 
in object detection tasks using deep convolutional 
neural networks [5], [6]. Some well-known 
benchmark datasets, such as MS COCO [7] and 
PASCALVOC [8], contribute significantly to the 
development of object detection applications. 

II. PROBLEM STATEMENT 

The task of object selection on a static visual 
scene, on which there is a set of objects O= {om},   
M = 1, ..., M is understood to be the selection of a 
subset O'  O, each element o'm', where  m'= 1,..., 
M' is the index of an object from the set O' 
highlighted on the corresponding visual scene by a 
bounding box that covers this object in whole or in 
part. 

However, most previous deep convolutional 
neural networks have been developed for images of 
natural scenes. The direct application of previous 
models to the problem of object detection in drone 
capture scenarios basically has three problems, which 
are intuitively illustrated by some cases in Fig. 1. 

 
Fig. 1. Showcases to explain the three main problems in 

object detection on drone-captured images: (a) is the 
image size variation (large and small scale); (b) is the 

high-density of objects; (c) is the large surface coverage 
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Firstly, the scale of the object changes 
significantly, because the altitude of the drone flight 
varies greatly. Secondly, drone images contain high-
density objects, resulting in overlap between objects. 
Thirdly, drone images always contain confusing 
geographical elements due to the fact that they cover 
large areas. The aforementioned three problems 
make it very difficult to detect objects in drone 
images. 

III. RELATED WORKS 
Consider combined method combined neural 

network methods for analyzing static visual scenes, 
which solve the problem of both selection and 
recognition of objects. A fairy fast method is YOLO 
(You Only Look Once) [10], which allows you to 
detect images on modern video cards withover 100 
frames per second, but less accurate than Faster R-
CNN. The method is based on the use of 
convolutional neural networks. The entire image is 
covered with a 7x7 grid. For each cell of the grid, 
two "anchors" are built. Then the class and the 
coordinate offset are predicted relative to the grid 
cell. Although the method is fast enough, it does not 
allow recognizing sufficiently small objects due to 
the small size of the grid. 

To eliminate the disadvantage of YOLO 
accuracy, YOLOv2 was proposed [10]. The 
method, in comparison with YOLO, uses a 
number of additional "tricks" when training a 
convolutional neural network: data 
augmentation, training on images of higher 
dimensions, training on images of several scale. 
To form hypotheses, YOLOv2 uses anchors, the 
aspect ratio of which is formed on the basis of 
the k-means method. In addition, the work 
investigates the optimal number of such 
"anchors" for each cell of the map of signs of a 
convolutional neural network (5 "anchors" are 
used). Unlike YOLO, where the “anchors” are 
98, the total number of “anchors” in YOLOv2 
exceeds 1000. For each such “anchor”, as in 
YOLO, the class and the coordinate offset 
relative to the grid cell are predicted. 

YOLOv5 has four different models including 
YOLOv5s, YOLOv5m, YOLOv5l and YOLOv5x. 
In general, YOLOv5 respectively uses the 
CSPDarknet53 architecture with SPP layer as the 
base, PANet as the neck and YOLO detection head 
[11, 14]. A Keras software package is provided to 
further optimise the entire architecture. Since it is 
the best known and most convenient single stage 

detector, we choose it as the base. When we train the 
model using the VisDrone2021 dataset [9] with a 
data augmentation strategy (Mosaic and MixUp), we 
find that YOLOv5x performs much better than 
YOLOv5s, YOLOv5m and YOLOv5l, with a gap in 
AP value of over 1.5%. Although the training costs 
of the YOLOv5x model are higher than the other 
three models, we still decided to use YOLOv5x to 
achieve the best detection performance. In addition, 
we tuned the parameters of commonly used 
photometric and geometric distortions to match the 
characteristics of the drone images. 

IV. PROBLEM SOLUTION 
A. Model modification overview 

In object detection task, YOLO series [10] play 
an important role in one-stage detectors. In this 
paper, we propose a modified model, based on 
YOLOv5 [12] to solve all the above-mentioned 
problems. The overview of the detection pipeline 
using our model modification is shown in Fig. 2. We 
follow the original CSPDarknet53 [13] and path 
aggregation network (PANet [14]) as the backbone 
and neck of our model.  

At the head end, we add another head for the 
detection of tiny objects. To further improve the 
performance of our network, we use several 
"tweaks" (Fig. 2). In particular, we use data 
augmentation during training, which facilitates 
adaptation to abrupt changes in the size of objects in 
the images. We also add multiscale testing and 
multi-model ensemble strategies during output to 
obtain more convincing detection results. 

 
Fig. 2. The overview of working pipeline using our 

YOLO model modification 

B. Implementation details 
We implement our model on Pytorch 1.9.0. All 

of our models use a free GPU from Google Collab 
namely Tesla K80 for training, validation, and 
testing. In the training phase, we use part of pre-
trained model from yolov5x, because our model 
modification uses most parts of backbone and some 
part of head from the original YOLOv5 model, by 
using these weights we can save a lot of training 
time.  
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We use VisDrone2021 training dataset for 70 
epochs, and the first 3 epochs are used for warm-up. 
We use Adam optimizer for training, and 3e-5 as the 
initial learning rate. The learning rate of the last 
epoch decays to 0.11 of the initial learning rate.  

Since the neural network only accepts photos 
with a size multiple of 32, each photo in the 
dataset has been pre-formatted to the required 
size of 416 x 416, and in some experiments 512 
x 512 pixels, so that the neural network can 
learn from them. Each individual photo taken 
from the drone is also labeled in a separate file, 
which is necessary for the training phase of the 
network. The data is presented in PyTorch 
YOLOv5 format, where each drone photo 

corresponds to a text file with manually 
prepared data about the location of objects in 
the photo. 
C. Experimental results 

To assess the performance of the network, it was 
trained on 500 epochs, where improvements in 
object detection and recognition were assessed on 
each epoch. The following training metrics were 
obtained using the TensorBoard visualization tool 
(Fig. 3). 

Our recognition results are as follows (Fig. 4). 
All of the data that came out of the network has been 
stored for future use and training on new samples of 
data to improve performance. 

 
Fig. 3. Learning metrics of the neural network at 500 epochs 

 
Fig. 4. Visualization of neural network detection and 

classification 

D. Comparisons with the other models 
Due to the limited number of entries on the 

VisDrone 2021 competition, we only received the 

results of 4 models in the testset-challenge and the 
final results of the ensemble of 5 models. We ended 
up with a good result of 37.2 points on the testset-
challenge. 

TABLE I. THE PERFORMANCE COMPARISON 
OF VISDRONE 2021 DATASET  PARTICIPANTS’ MODELS 

Methods mAP (%) AP50 (%) 
RetinaNet[15] 11.81 21.37 
DetNet59[16] 15.26 29.23 
FPN[17] 16.51 32.20 
Light-RCNN[18] 16.53 32.78 
RRNet (2019 2 nd) 
[19] 

29.13 55.82 

SMPNet (2020 2 nd) 
[20] 

35.98 59.53 

Our model 
modification 

37.2 62.3 

V. CONCLUSIONS 

In this paper, we add to YOLOv5 some advanced 
technologies such as transformer coding block and 
some experimental techniques and create a state-of-
the-art detector that is especially good for object 
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detection in drone shooting scenarios. We have 
updated the record of the VisDrone2021 dataset, our 
experiments have shown that our modification of the 
model has achieved good performance on the 
VisDrone2021 dataset. We have tried a large 
number of features and used some of them to 
improve the accuracy of the object detector. We 
hope that this paper will help other artificial 
intelligence researchers to achieve good results in 
object detection with drones. 
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В. М. Синєглазов В. В. Калмиков. Обробка зображень безпілотних літальних апаратів з використанням 
модифікованої архітектури детектора YOLO  
Ідентифікація об’єктів із зображенням дронів – одне з найсучасніших завдань для штучних нейронних мереж. 
Оскільки дрони завжди переміщуються на різній висоті, масштаб об’єкта сильно варіюється, що ускладнює 
оптимізацію мереж. Більше того, політ на великих швидкостях і малих висотах призводить до нечіткого 
зображення густонаселених об’єктів під час руху, що є проблемою під час вирішення завдання розпізнавання та 
класифікації невеликих за розміром об’єктів. У статті розглядаються розв’язання вищевказаних проблем і вони 
вирішуються шляхом застосування додаткової моделі прогнозування для ідентифікації об’єктів різного 
масштабу. Ми також модифікуємо функцію втрат, щоб більші об'єкти ставити в невигідне становище і навпаки, 
щоб стимулювати розпізнавання дрібніших об'єктів. Щоб досягти покращень, використовуємо передові методи, 
такі як багатомасштабне тестування, розмиття зображення, поворот об’єкта та спотворення даних. 
Експерименти з великим набором даних показують, що розглянута модель добре працює на зображеннях 
дронів. Порівняно з базовою моделлю (YOLOv5) розглянута модель демонструє значні покращення у 
розпізнаванні та класифікації об’єктів. 
Ключові слова: безпілотні літальні апарати; нейронна мережа YOLO; вилучення карт об’єктів; розпізнавання 
об’єктів; класифікація об’єктів; гібридні нейронні мережі. 
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В. М. Синеглазов, В. В. Калмыков. Обработка изображений беспилотных летательных аппаратов с 
использованием модифицированной архитектуры детектора YOLO 
Идентификация объектов по изображениям дронов – одна из самых современных задач для искусственных 
нейронных сетей. Поскольку дроны всегда перемещаются на разной высоте, масштаб объекта сильно 
различается, что затрудняет оптимизацию сетей. Более того, полет на больших скоростях и малых высотах 
приводит к нечеткому изображению густонаселенных объектов во время движения, что является проблемой 
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при решении задачи распознавания и классификации небольших по размеру объектов. В данной статье 
рассматриваются решения вышеуказанных проблем и они решаются путем применения дополнительной 
модели прогнозирования для идентификации объектов разного масштаба. Мы также модифицируем функцию 
потерь, чтобы более крупные объекты ставить в невыгодное положение и наоборот, чтобы стимулировать 
распознавание более мелких объектов. Чтобы добиться улучшений, используются передовые методы, такие как 
многомасштабное тестирование, размытие изображения, поворот объекта и искажение данных. Эксперименты с 
большим набором данных показывают, что рассмотренная модель хорошо работает на изображениях дронов. 
По сравнению с базовой моделью (YOLOv5) рассмотренная модель демонстрирует значительные улучшения в 
распознавании и классификации объектов. 
Ключевые слова: беспилотные летательные аппараты; нейронная сеть YOLO; извлечение карт объектов; 
распознавание объектов; классификация объектов; гибридные нейронные сети. 
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