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 Abstract 

Object detection algorithms with various versions of YOLO are compared with 

parameters like methodology, dataset used, image size, precision, recall, technology used etc. 

to get a conclusion as which algorithm would be the best and effective for the detection of 

objects. Nowadays, due to the low price and ease of use, drones can pose a malicious threat. In 

the field of public security and personal privacy, it is important to deploy drone detection 

system in restricted areas. This comparative analysis model gives a wide picture of how various 

object detection algorithms work, and helps in understanding the best algorithm to be used for 

the detection of drones with highest accuracy and precision.   
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1. Introduction 

Object detection has become a research hotspot, due to the broad development prospect 

and huge commercial value. The newest object recognition algorithm is called YOLO, or You 

Only Look Once. The business has seen an increase in the number of YOLO models since they 

were first introduced in 2015. There are several variants of the YOLO algorithm, including 

YOLOv1, YOLOv2, YOLOv3, YOLOv4, YOLOv5, YOLOv6, and YOLOv7. 

 

                                                     Figure 1.1. YOLO versions  
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1.1 Architecture of YOLO 

YOLO specifically creates the bounding box coordinates and probabilities for each class 

through direct regression. This greatly increases detection speeds when compared to faster R-

CNN. In the training set, each image is split into SxS grids using the YOLO network. When an 

object's  ground truth centre is in a particular grid, that grid is in charge of detecting the object. 

Each grid also anticipates bounding boxes, conditional probabilities, and confidence ratings for 

those bounding boxes. [21]. 

 

 

Figure 1.2. YOLO functionality [21] 
 

2. Literature Review 

 

YOLOv1 was released in 2015. You only need to look at an image once to determine 

what objects are visible and where they are located. This model's limitation is that it can only 

forecast one of the two objects that enter the same cell. Small objects that emerge in groups 

pose a challenge for this model [1]. 2016 saw the introduction of YOLOv2. Comparing YOLO 

to region proposal-based methods, YOLOv2 was improved [3] and faster, and it had a relatively 

poor recall. A labelled drone collection was needed for training the YOLO drone detector [2].  

2018 saw the introduction of YOLOv3. The drone object recognition based on 

YOLOv3 algorithm for anti-drones was introduced for the first time. Instead of using the last 

three scales of feature maps, it used the last four scales. YOLOv3 was modified to provide an 

algorithm for real-time drone detection. YOLOv3 multiscale detection and network structure 

upgrades were included in the modified version. Training collection for drone detection was 

implemented [11]. The issue with the YOLOv3 model's excessive number of factors was its 

limitation. YOLOv3 multi-scale recognition needs to be improved [4].  
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In 2020, the YOLOv4 algorithm was developed. Compared to YOLOv3, SSD, and 

YOLOv4, which all belong to one-stage algorithms, the YOLOv4 algorithm has better real-

time detection accuracy and speed. There are still deficiencies in accuracy compared with the 

two-stage method [4].  

In [5], the algorithm was trained using datasets from drones and birds. The trained 

YOLOv4 model was assessed using precision, F1-score, mean Average Precision (mAP), recall 

and frames per second. Labelling datasets in a specific format was required for various object 

recognition algorithms, which requires time. Further, when selecting methods, speed was taken 

into consideration. The research [8] aimed to help develop early detection systems that can 

provide high security for areas where drones are misused, whether they are low-quality or high-

quality images at long or near range. Its main goal was to assist in the development of early 

detection systems. 

Along with studying drone recognition, onboard systems for real-time identification 

was also researched [9]. YOLO-v3 performed better than SSD and Faster R-CNN in the same 

testing setting, making it the best algorithm among the three [6]. 

In order to defend restricted areas, YOLOv5 was introduced. It detects objects applying 

deep learning architectures. In research [7], attempts were made to include a variety of bird 

species, sounds, planes, and drones. Additionally, blur drone images were included. 

In 2022, the YOLOv6 algorithm was created. The state-of-the-art quantization 

techniques were studied and utilized [16]. YOLOv7 algorithm was proposed in 2022, with 

enhanced modules of several trainable bag of freebies method, and re-parameterized modules 

with extend and compound scaling methods [22]. 

3. Comparative Study 

YOLOv1 uses the image size of 448x448 and a precision value of 86% was obtained 

when compared to fast RCNN method and tested on PASCAL VOC detection dataset with 

GoogLeNet network technique with 45 frames per second. 

YOLOv2 uses the image size of 416x416 and obtained a precision value of 88.25% and 

recall of 85.44% tested on Public-domain drone dataset and Customised dataset of 60 YouTube 

videos. It uses Darknet19 and Darknet-10 network technology with 67 frames per second. 
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YOLOv3 uses the image size of 416x416, giving the precision value 84.14% and recall 

of 89.27%, tested on ImageNet dataset and COCO dataset with ResNet and Darknet53 network 

technology with 45 frames per second. 

YOLOv4 uses CSPDarknet 53 (cross stage Partial) network technology with the image 

size of 416x416 tested on COCO dataset, giving precision value of 89.32% and recall of 92.48% 

with 38 frames per second. 

YOLOv5 uses Darknet 53 network technology with the image size of 224x224 tested on 

Kaggle dataset giving precision value as 94.7% with 140 frames per second. 

YOLOv6 uses python/pytorch for network technology with image size of 640x640 

tested on COCO dataset with mAP of 43.3% with 1242 frames per second. 

YOLOv7 uses python/pytorch for network technology with image size of 640x640 

tested on COCO dataset and 56.8% AP with 161 frames per second. 

                               Table 3.1. Comparative analysis of YOLO algorithms 

YOLO Version Methodology Dataset Image size Precision/ 

recall 

YOLOv1 The input image is divided 

into a 7 x 7 grid by the 

system. A grid cell is in 

charge of detecting an 

object if its center lies 

within that grid cell. 

PASCAL VOC 

detection dataset. 

 

ImageNet 1000-

class competition 

dataset. 

448x448 86% and 

54% mAP 

YOLOv2 It uses neural network to 

determine the class 

probabilities and bounding 

box   in a single round of 

evaluation using data from 

the entire image. 

Drone dataset in 

the public realm 

and customized 

dataset of 60 

YouTube videos 

416x416 Precision 

=88.25% 

Recall=85.4

4% 

YOLOv3 It clusters the bounding 

area using k-means. It 

utilizes the 4 dimensions of 

feature maps to forecast 

object bounding boxes. 

ImageNet dataset 

and COCO dataset 

416x416 

320x320 

Precision 

=84.14% 

Recall 

=89.27% 

YOLOv4 It contains head, backbone, 

and neck. Neck is the 

backbone and output layer. 

It uses Spatial Pyramid 

Pooling and Path 

COCO dataset 416x416 

512x512 

Precision 

=89.32% 

Recall 

=92.48% 
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Aggregated Network and 

Feature Pyramid Network 

YOLOv5 It contains CSPNet-

Backbone 

4 CSPBottleneck, Spatial 

Pyramid Pooling.  

Backbone- Feature 

Extraction 

Neck- Feature fusion 

Head/output – object 

detection. 

Kaggle dataset 224x224 Precision 

=94.7% 

YOLOv6 Anchor-free paradigm, 

SimOTA Tag Assignment 

Policy, and SIoU bounding 

box regression loss 

COCO 640x640 43.3% AP 

 

 

 

YOLOv7 For real time object 

detector, it uses extended 

and compound scaling 

methods. 

Kaggle 

COCO 

640x640 56.8% AP 

 

 

 

4. Analysis and Result 

From the above comparative survey, it can be observed that each YOLO algorithm is more 

effective than the prior. The performance and precision/recall values of YOLOv7 are higher 

than the other YOLO versions, and also frames per second value is much more when compared 

with others. The main advantages of YOLO v7 is its speed. It can process images at a rate of 

155 frames per second, which is much faster than other state-of-the-art object detection 

algorithms. YOLO v7 with 9 anchor boxes, enables to perceive broader shapes and dimensions 

than the existing algorithms. 

With its faster and more robust network design, YOLOv7 is much appropriate to identify 

the tiny objects by overcoming the limitations of other YOLO versions due to its increased 

accuracy, detection capability, stability, training and labelling. Additionally, YOLOv7 has a 

better resolution than the earlier versions. It analyses images at a resolution of 640 by 640 pixels, 
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as opposed to YOLOv3's use of 416 by 416 pixels. YOLOv7 can identify smaller objects with 

greater accuracy thanks to its higher resolution. 

5. Conclusion 

Various works conducted on YOLO have been compared by taking into account the 

parameters like methodology, dataset used, image size, precision, recall, technology, and frames 

per second, by which it can be concluded that YOLOv7 is much suitable to be used in the 

detection of drones. The feasibility of detecting drones are much more enhanced using YOLOv7 

algorithm, since the limitations in detection of drones are overcome by the exclusive features of 

YOLOv7 algorithm. 
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