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Abstract – In today's applications, a significant increase in the use of deep learning algorithms is noticeable. The convolution 

neural network (CNN) of deep learning has been used frequently recently, especially for the successful discrimination of people 

and vehicles from other objects. Especially with the ImageNet Large Scale Visual Recognition Challenge (ILSVRC) in 2012, 

the use of CNNs has become widespread. With the development of technology and traditional image processing techniques, the 

proses of image processing has been considerably reduced, furthermore, the success rate has increased dramatically. Object 

detection can be difficult due to the low resolution of objects in aerial images. In this study, a system which automatically 

recognizes human and different types of vehicles (cars, bicycles, motorcycles) from aerial images taken with drone has been 

developed. In the system, Residual Networks (ResNet) model, which is the first in the ImageNet competition of the CNN been 

one of the deep learning techniques, is used. Google Colaboratory with Nvidia Tesla K80 GPU support is used for successful 

and fast training and testing of the system. In the developed system, results are explained according to different threshold values 

of the objects detected from the images applied to the input. 
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I. INTRODUCTION 

With the development of technology, drones are widely used 

in military and civilian applications. They have undertaken 

many challenging tasks today. Recently drones have been 

actively involved in many military applications. To ensure the 

security of a region, it is necessary to have full control of the 

region. To ensure this security, drones will control the area and 

prevent any threats. Due to its use in the military field, it needs 

to be controlled very precisely. Therefore, airborne object 

detection is emerging as a research area. Detection and 

tracking of the object to be detected from the air with 

traditional target detection algorithms will be a problem due to 

the difficulty of the viewing distance. This problem arises from 

different regions, noise in surrounding environments and 

shooting angles. In recent years, with the improvement of data 

sets and the technological advancement of image processing 

hardware, Convolution Neural Network (CNN) has made great 

progress in image recognition and object recognition.  

 

Han et al. are used drone algorithms like Faster RCNN, 

YOLO etc. for human detection and tracking [1]. Li et al. are 

worked with the MATLAB program to estimate the number 

and location of vehicles in a region at the same time [2]. 

Redmon et al. used YOLO, a connected model for object 

detection [3]. 

 

The inclusion of deep learning algorithms to the ImageNet 

Large Scale Visual Recognition Competition (ILSVRC) 

significantly reduced Top-5 errors in 2012. Since then, each 

year, deep learning models have overcome the challenges and 

reduced the error rate in the competition. 

 

The biggest leap of deep learning is the 2012 with the CNN, 

which is accepted as the basic architecture in deep learning [4]. 

At the 2012 ImageNet competition, Krizhevsky and his 

colleagues reduced the Top-5 error rate to 15.3% and achieved 

significant success in this area [5]. The second Top-5 error rate 

was 26.1%. Since that competition, the Net AlexNet” network 

has been focused on a wide range of computerized tasks, such 

as object detection [6], video classification [7], object tracking 

[8] and super resolution [9]. These achievements created a new 

field of research that focused on finding high-performance 

CNN. Since 2014, the quality of network structures has been 

significantly improved by using deeper and wider. In 2015, the 

ResNet network reduced the Top-5 error rate to 3.6%, bringing 

it even below the human error threshold level. 

 

 
 

Ross et al. are used the region-based R-CNN framework for 

target identification [10]. Bayram has proposed a license plate 

recognition system that enables the identification of the license 

plate characters from vehicle images with the regional CNN. 

In order to successfully classify the study, a masked regional 

CNN based on deep learning is used [11]. 
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In this study, a system for detecting people, cars and 

bicycles/motorcycles using drone images with convolutional 

neural network on deep learning which a very popular machine 

learning approach is presented and results are shown. In the 

second part, is presented the widely used deep learning 

algorithm CNN and the ResNet model. In the third part, is 

presented information about the training and test results of the 

neural network used in the study. In the fourth part, general 

results are given about this work. 

II. MATERIALS AND METHOD 

A. Convolution Neural Network (CNN) 

Deep learning is becoming very popular due to innovations 

in various well-known tasks in the field of artificial 

intelligence. The reason for using Deep Learning models is 

that it can answer problems with high accuracy. CNN is a deep 

learning algorithm that can separate objects in an input image. 

Its architecture includes Convolution, Pooling, ReLu, 

DropOut, Fully linked and Classification layers. AlexNet, 

ZFNet, GoogLeNet, Microsoft RestNet and R-CNN are used 

in problem solving in Deep Learning [12]. 

 

Figure 1 shows the determination of the output by applying 

the CNN model to the image with a size of 28x28x1 applied to 

the input. There are certain layers used in neural networks. 

These; convolution layer, RELU and pooling layers (average 

and maximum pooling) [13]. 

 

 

Fig. 1 CNN structure  

B. Residual Neural Network (ResNet) 

ResNet is a neural network used as a backbone in many 

computer vision tasks. ImageNet achieved great success by 

reducing the error rate to 3.6% in the 2015 competition [14]. 

Because even people depend on their skills and expertise, they 

have a 5-10% error rate. Figure 2 shows a sequential 

convolutional network and a ResNet connected convolutional 

network connection. 

 
Fig. 2 Sequential convolutional network and ResNet 

The greater the number of data sets and layers in deep 

learning, the more time it takes to form a model. There are 

some methods to reduce this time. In recent years, some 

techniques have been proposed for this problem. It uses 

ImageNet/ResNet to compare training performance in these 

techniques ([15],[16]). Figure 3 shows the design of a 34-layer 

ResNet. 

 
Fig. 3 RestNet architecture 34 layers [14] 

 

C. Experimental Study 

In this study, after the identification of the problem in the 

recognition system, the processes take place step by step. 

These steps; determining the architecture to be used for deep 

learning, determining the data set, training and testing ResNet 

CNN, obtaining the recognition detector, and then evaluating 

it. The Stanford drone dataset used in the study is a large 

dataset of aerial imagery collected by the drone over the 

Stanford university campus. This Dataset is ideal for object 

detection and tracking issues. Figure 4 shows some examples 

of images in the drone data set. 
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Fig. 4 Some examples from the compiled data set for the application  

Annotation is required for RetinaNet. All annotations are 

required according to the format in Equation 1. 

path/to/image. jpg, x1, y1, x2, y2, class_name  (1) 

The annotation of the images used during training and testing 

is used in accordance with this format. The system is trained 

by using 3 different classes as pedestrian, car and 

bicycle/motorcycle. Table 1 shows the number of images used 

for training and the total number of annotation objects. 

Table 1. Image prepared for training and total number of annotation object 

Training Images 

Number 

Total Number of 

Annotation Objects 

2612  35678 

 

Table 2 shows the number of images used for testing and the 

total number of annotation objects. 

Table 2. Image prepared for testing and total number of annotation object 

Testing Images 

Number 

Total Number of 

Annotation Objects 

665  6867 

 

Google Colaboratory (Colab) system was used for CNN 

training and testing. Deep learning activities are developed by 

using libraries such as Keras, Tensorflow, Pytorch and 

OpenCV with Colab. Unlike other cloud systems, Colab 

provides free GPU support. Because the NVIDIA Tesla K80 

is a graphics processor in the Colab system, it can present 

results quickly, as more computations can be made on large 

data sets. It is expected that losses are decreased in the 

iterations performed during the training and is fixed while 

iteration is continuing for a while. Figure 5 shows that initially 

losses have been reduced and stabilized after a certain 

iteration. 

 

 
Fig.5 System losses as a result of training at Tensorboard 

 

 The input image applied to the model after the training is 

shown in Figure 6 and the output image taken from the output 

of our model is shown in Figure 7. 

 

 
Fig. 6 Image applied to the input of the model 

 

 
Fig. 7 Image taken to the output of the model 

 

In a study, parameters such as precision, recall and f1 score 

should be determined to evaluate performance. In this study, 

precision, recall and F1 score values at various threshold levels 

are given in Table 3. As can be seen from this table, we have 

obtained the best F1 score when the threshold value is 0,4. 

 

Table 3: Precision, recall and F1 score values for different threshold levels 

Threshold Value Precision Recall F1 Score 

0,3 0,73 0,84 0,78 

0,4 0,81 0,79 0,80 

0,5 0,86 0,73 0,79 

 

III. RESULTS 

With drone, it has an extremely high application value in the 

areas of target detection, targets in sensitive military 

applications, situation analysis of enemies, personnel search 

and rescue, agriculture and livestock monitoring. In this study, 

a system that detects airborne people and vehicles has been 

developed with deep learning and pre-trained network. Deep 

learning based convolutional neural network is used to 

successfully identify people and tools shown in the developed 

system. For our system 3277 images were used. 

Approximately 80% of these images were used for training and 

the remaining 20% were tested in our system. By applying 

different threshold values, error matrices were extracted. Thus, 

accuracy, sensitivity and f1 score values were determined. 

Retina Net detection network based on deep learning has been 

improved and high performance has been achieved. 
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