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Abstract: Accurate object detection in remote sensing images, particularly for military aircraft, is imperative for 

strategic decision-making. However, this task encounters numerous challenges, including diverse aircraft categories, 

their variable sizes and geometries, complex backgrounds, environmental factors (weather conditions, lighting 

variations, shadows) and sensor parameters. This paper presents a comparative study of three state-of-the-art detection 

algorithms, including YOLOv5, YOLOv7, and YOLOv8, and it aims to explore the strengths and limitations of each 

algorithm in addressing the above challenges. Considering the specific problem of military aircraft detection, the 

experimental results were conducted on the Military Aircraft Recognition dataset (MAR20). The obtained results 

demonstrate that YOLOv7 outperforms other algorithms in terms of detection performance, achieving a global mean 

average precision (mAP) and (mAP0.5) by 67.7%, and 90.3% respectively. 
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1. INTRODUCTION 

Remote sensing target detection is a vital task in both 

civilian and military applications, including 

environmental monitoring, disaster management, urban 

planning, military surveillance, etc. [1]. The main 

objective of this task is to identify and categorize objects 

of interest in remote sensing images [2]. In the military 

field, aircraft pose significant strategic menaces, making 

their identification and localization critical factors that 

influence decision-making on the battlefield [2]. The 

aircraft targets detection remains a difficult task due to the 

several challenges it encounters [3-6], including, top-

down view, aircraft types similarity, small and densely 

scattered objects, and target-background resemblance. 

Furthermore, a various external factor, including weather 

conditions, lighting, shadows, sensor parameters, etc., can 

significantly impact the accuracy of aircraft detection. 

Object detection task in remote sensing image is carried 

out using traditional and deep learning techniques. 

Traditional approaches rely on handcrafted features and 

machine learning algorithms. In recent years, deep 

learning techniques have gained a significant attention, 

and become the predominant methods for classification 

and target detection tasks [5]. Particularly, the appearance 

of convolutional neural networks (CNNs) [1]. The power 

of deep learning methods lies in automatically extracting 

and learning higher-level semantic features and providing 

a stronger feature representation capability unlike 

traditional machine learning methods that are based on 

handcrafted features [1].  

Target detection algorithms can be divided into two main 

groups [1, 5, 7, 8]: single-stage target detection 

algorithms, and two-stage target detection algorithms. The 

single-stage algorithms, including You Look Only Once 

[9] (YOLO), Fully Convolutional One-Stage Object 

Detection (FCOS) [10], Single Shot MultiBox Detector 

(SSD) [11], Deconvolutional Single Shot Detector 

(DSSD) [12] and RetinaNet [13] are designed to detect a 

target within images by combining regression and 

classification tasks [5]. These models generally use a 

single feedforward step in order to create bounding boxes 

and class probabilities directly from entire image. The 

two stage target detection algorithms such as regions with 

convolutional neural networks (R-CNN) [14], Fast R-

CNN [15], Faster R-CNN [16], Cascade R-CNN [17] and 

spatial pyramid pooling network (SPP-Net) [18] are based 

on generated collection of regions of interest (RoIs) from 
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image, to identify and classify the objects based on these 

regions [19]. Two-stage target detection algorithms show 

superior detection accuracy and slower detection speed [1, 

5, 6]. In contrast, single-stage algorithms are generally 

faster and sacrifice detection accuracy, making them 

useful for applications where detection speed is critical. 

This paper presents a comparative study for aircraft 

detection in remote sensing images of three state-of-the-

art single-stage target detection algorithms, including 

YOLOv5 [20], YOLOv7 [21] and YOLOv8 [22]. The 

experimental results were conducted on the Military 

Aircraft Recognition (MAR20) [2] dataset, which the 

largest publicly available dataset for military aircraft 

recognition in remote sensing images. This paper is 

structured as follows: Section 2 provides an overview of 

YOLOv5, YOLOv7, and YOLOv8 algorithms. Following 

that, the obtained experimental results were presented and 

discussed in Sections 3 and 4, and in the last section is 

given study conclusion. 

2. OVERVIEW OF THE YOLO 

ALGORITHMS  

2.1. YOLOv5 

YOLOv5 [20], introduced in 2020, is a real-time, one 

stage detection algorithm that prioritizes detection speed 

over accuracy through the utilization of a more compact 

network architecture. This strategy achieves a high 

efficiency in detection task [23, 24]. YOLOv5 

encompasses five variants, namely, YOLOv5n, 

YOLOv5s, YOLOv5m, YOLOv5l and YOLOv5x. The 

YOLOv5 network architecture comprises four main 

components, which are: Input, Backbone, Neck and 

Prediction. 

Before being fed into the network, the input image 

undergoes preprocessing to improve detection accuracy. 

The Backbone part extracts feature from input images, 

while the Neck component combines features from 

various detection layers of the Backbone using the PANet 

[25] strategy. The Prediction part employs a complete 

intersection over union (CIoU) loss function to improves 

the speed and accuracy of detection. Additionally, it 

utilizes non-maximum suppression (NMS) [26] to detect 

multiple and occluded objects in the input image.  

2.2. YOLOv7 

The YOLOv7 [21] represents a cutting-edge one-stage 

real-time object detection algorithm. It demonstrates a 

favorable compromise between detection speed and 

accuracy, surpassing the previous YOLO series in 

accuracy and speed. An outstanding novelty within 

YOLOv7 is the introduction of the E-ELAN 

methodology, which effectively guides computational 

blocks to capture a diverse range of features. This 

approach integrates convolutional layers followed by 

detection layers to predict bounding boxes and object 

classes, using methods like expansion and shuffling to 

improve learning dynamics while preserving gradient 

flow integrity. 

2.3. YOLOv8 

YOLOv8 [22], is a real-time object detection algorithm, 

building upon the success of its predecessors, while 

integrating new features and improvements to make it 

faster, more accurate, and easier to use. YOLOv8 can be 

used in many tasks, including object detection, tracking, 

segmentation, image classification, and posture 

estimation. YOLOv8 comes in five variants, YOLOv8n, 

YOLOv8s, YOLOv8m, YOLOv8l and YOLOv8x. 

3. EXPERIMENTS 

In this section, we first present the dataset used in the 

experiments, called MAR20 dataset. Following this, it is 

provided an explanation of the used evaluation metrics 

and implementation details. The experiments primarily 

involve a comparative study of three detection algorithms, 

including YOLOv5m, YOLOv7 and YOLOv8m. 

3.1. MAR20 Dataset 

MAR20 [2] dataset is the largest public dataset for remote 

sensing image military aircraft recognition. It comprises 

3842 high-resolution remote sensing images 

encompassing 22341 instances of 20 distinct aircraft 

types, labeled from A1 to A20 (refer to Fig. 1). These 

images were collected using Google Earth in 60 military 

airports. The majority of images in the dataset have a 

resolution of 800x800 pixels. Two annotation methods are 

given: horizontal bounding box and oriented bounding 

box for each target instance. Table 1 illustrates the 

distribution of instances for each aircraft type in the 

dataset. 

        A1                      A2                      A3                      A4                       A5

        A6                      A7                      A8                      A9                       A10

        A11                    A12                    A13                    A14                     A15

        A16                    A17                    A18                    A19                     A20  
Figure 1. The twenty aircraft types in MAR20 dataset. 

In our experiments, the original training set, comprising 

1331 images (7870 instances), was divided into training 

and validation subsets, encompassing 90% (1198 images) 

and 10% (133 images), respectively, and the whole test 

set was used for testing. The horizontal bounding box 

annotations were utilized throughout these experiments. 
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Table 1. Distribution of instances in train and test sets for 

each aircraft type. 

Aircraft Train Test All Aircraft Train Test All 

A1 554 1092 1646 A11 151 356 507 

A2 736 993 1729 A12 240 462 702 

A3 316 860 1176 A13 561 1091 1652 

A4 179 463 642 A14 659 1119 1778 

A5 435 827 1262 A15 200 418 618 

A6 107 334 441 A16 785 1847 2632 

A7 191 489 680 A17 439 958 1397 

A8 365 579 944 A18 160 148 308 

A9 475 611 1086 A19 519 717 1236 

A10 368 556 924 A20 430 551 981 

3.2. Evaluation Metrics 

For the evaluation of the object detection algorithms, we 

employ commonly used evaluation metrics, including 

mean average precision (mAP) averaged for intersection 

over union IoU∊{0.5, 0.55, 0.6, …, 0.95} (COCO’s 

standard metric), mean average precision (mAP0.5) at 

IoU=0.5 (PASCAL VOC’s metric) [16], precision (P), 

and recall (R). 

The IoU is computed by determining the overlapping area 

between the predicted region (A) and the actual ground 

truth (B): 

 
A B

IoU
A B


=


 (1) 

where A∩B indicate the intersection area of the predicted 

and ground truth bounding boxes and A∪B is their union. 

The expressions for P and R are defined as follows:  

 P
TP

TP FP
=

+
, R

TP

TP FN
=

+
 (2) 

where, TP (true positives) refers to the number of positive 

samples correctly identified, FP (false positives) 

represents the number of negative samples erroneously 

identified as positive samples, and FN (false negatives) 

denotes the number of positive samples were incorrectly 

identified as negative samples.  

The formulas of mAP0.5 and mAP, are given by: 
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where N is the number of categories, and APi is the 

average precision of each i-th category of objects. It 

represents the area under precision-recall curve and it can 

be calculated by:  
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3.3. Implementation Details 

The experimental platform runs on Windows 11, within 

an Intel® Core™ i7-12650H/16G @2.30GHz, equipped 

with an NVIDIA RTX 3050Ti/4GB. Python 3.9 and 

Pytorch framework (version 2.0.1) were used for 

implementation of algorithms, and CUDA 11.8 was 

utilized to accelerate the calculation. 

In the training phase the Stochastic Gradient Descent 

(SGD) algorithm was utilized to optimize the loss 

function. Specifically, a momentum of 0.937 and a weight 

decay coefficient of 0.0005 were used. To enhance 

training stability, a warmup strategy was implemented. 

The initial learning rate was set at 0.01, with a batch size 

of 2 and the number of epochs was set at 300. The 

resolution of input image was maintained at 640x640 

pixels. 

3.4. Training results 

Fig. 2 illustrates the variations of performance metrics, 

including mAP0.5 (Fig. 2 (a)), mAP (Fig. 2 (b)), recall 

(Fig. 2 (c)) and precision (Fig. 2 (d)) of YOLOv5m, 

YOLOv7 and YOLOv8m. These metrics measures the 

performance of object detection algorithms. The higher 

values indicative of improved accuracy in detection 

capabilities. YOLOv8m shows better training speed and 

efficiency compared to YOLOv5m and YOLOv7. 

However, YOLOv7 outperforms the others in terms of 

overall performance, particularly in mAP0.5 and recall. 

4. EXPERIMENTAL RESULTS 

A comparative evaluation was conducted between the 

YOLOv5m, YOLOv7, and YOLOv8m algorithms on the 

MAR20 dataset under the same configurations. Table 2 

illustrates the comparative performance metrics for the 

three detection algorithms. These findings clearly 

demonstrate that YOLOv7 surpasses YOLOv5m and 

YOLOv8m across almost all metrics (precision, recall, 

mAP0.5, and mAP). 

Table 2. Aircraft detection results 

Algorithm 
P 

(%) 

R 

(%) 

mAP0.5 

(%) 

mAP 

(%) 

Inference 

time (ms) 

YOLOv5m 82.2 82.2 86.9 64.5 17.3 

YOLOv7 85.6 84.2 90.3 67.7 19.3 

YOLOv8m 83.4 78.5 86.1 65.2 24.1 

The YOLOv7 achieves mAP0.5 and mAP scores of 90.3% 

and 67.7% respectively, outperforming YOLOv5m by 

3.4% and 3.2% respectively, and YOLOv8m by 4.2% and 

2.5%. 

Furthermore, YOLOv7 exhibits exceptional precision in 

distinguishing aircraft features, reducing recognition 

errors, and attaining a recall rate of 84.2%, which is 2% 
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and 5.7% higher than YOLOv5m and YOLOv8m, respectively.  

(a) 

(c) 

(b) 

(d) 

Figure 2. Performance curve: (a) mAP0.5, (b) mAP, (c) recall, and (d) precision. 

 

While the YOLOv5m network architecture is 

comparatively smaller, resulting in a reduced inference 

time of 17.3 ms against 19.3 ms for YOLOv7 and 24.1 ms 

for YOLOv8m. 

4.1. Detection Results By-Class 

For a more comprehensive comparative analysis, Table 3 

presents the detection performance metrics, including 

mAP, mAP0.5, precision, and recall by classes, for the 

YOLOv5m, YOLOv7, and YOLOv8m detection 

algorithms. This detailed breakdown offers a clearer view 

of the strengths and limitations of each algorithm. 

The analysis of the Table 3 shows that YOLOv7 

algorithm demonstrates superior overall performance 

compared to YOLOv5m and YOLOv8m. It achieves the 

mAP exceeds or closely approaches 67%, except for 

aircraft types A5 (52.8%), A15 (40.8%), A13 (60.3.4%), 

A19 (62.1%) and A20 (62.7%), which exhibit lower 

detection rates. The observed low detection rate observed 

for aircraft types A15 and A13 across all algorithms can 

be attributed to their high similarity with other aircraft 

types (such as A5 and A16), as well as their relatively 

smaller size compared to other types. This similarity 

reduces the discriminative capacity of the features 

extracted by the network, making it challenging to 

differentiate and detect these aircraft types. 

Despite the lower instances number of aircraft A18 

compared to other aircraft types, in addition the high 

inter-class similarity with aircraft A4, the YOLOv7 

demonstrates high detection performance compared to 

other algorithms. It achieves a mAP of 64.8.5%, mAP0.5 

of 80.4%, precision of 87%, and recall of 70.3%. 

Fig. 3 presents detection results using YOLOv5m, 

YOLOv7 and YOLOv8m algorithms on the same images 

extracted from MAR20 test set, including four cases: 

successful detection, Fig. 3 (a), small object detection, 

Fig. 3 (b), false alarm, Fig. 3 (c), and target-background 

resemblance Fig. 3 (d). 

In Fig. 3 (a) it is worth noting that all algorithms 

successfully detected and recognized correctly the aircraft 

type A5 instances, where YOLOv7 demonstrate the best 

overall confidence value.  

Fig. 3 (b) shows the detection results of small objects. 

YOLOv5m and YOLOv8m misidentified the aircraft A5 

instances and identified them as A15 (the images marked 

with red boxes contain misidentification), due to the high 

inter-class similarity between them. However, YOLOv7 

successfully detects and identifies all instances with a 

high confidence value. In Fig. 3 (c) YOLOv7 successfully 

detect and identify all instances with better confidence 
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value. However, YOLOv5 and YOLOv8m algorithms show false alarm detection. 

Table 3. Detection results of YOLOv5m, YOLOv7 and YOLOv8m algorithms on various classes of MAR20 dataset. 

 YOLOv5m YOLOv7 YOLOv8m 

P 

(%) 

R 

(%) 

mAP0.5 

(%) 

mAP 

(%) 

P 

(%) 

R 

(%) 

mAP0.5 

(%) 

mAP 

(%) 

P 

(%) 

R 

(%) 

mAP0.5 

(%) 

mAP 

(%) 

A1 75.1 76.6 82.1 65.0 75.0 84.1 85.5 68.7 71.5 82.0 81.0 65.1 

A2 98.6 84.8 95.5 69.1 98.9 89.5 98.3 71.4 98.3 77.6 92.4 67.9 

A3 89.6 87.7 95.6 67.6 91.5 91.7 97.2 70.0 93.4 84.3 95.4 68.1 

A4 76.2 89.2 87.4 65.8 83.4 83.6 91.7 71.1 85.0 84.4 89.7 67.0 

A5 66.7 79.9 75.2 49.4 64.6 83.1 80.8 52.8 66.9 80.4 76.8 51.0 

A6 93.7 89.2 94.9 71.7 96.2 86.2 95.1 74.0 96.3 84.1 94.3 72.6 

A7 81.3 92.6 93.5 74.2 90.7 94.9 97.6 78.7 90.8 91.3 96.7 78.4 

A8 86.1 94.6 94.4 73.6 85.8 94.8 96.1 74.4 87.0 91.4 94.1 73.5 

A9 89.5 79.9 91.7 67.3 94.8 85.8 94.2 69.6 86.8 75.4 87.9 65.3 

A10 95.2 93.9 98.1 70.4 93.0 95.9 98.4 71.6 92.8 91.2 96.3 70.4 

A11 67.5 74.2 72.2 55.3 72.9 85.2 85.7 67.3 72.6 81.5 82.6 65.4 

A12 83.9 85.7 92.6 70.9 86.7 86.1 93.8 72.0 83.7 78.0 89.4 69.1 

A13 73.5 66.9 78.2 55.0 81.6 74.6 85.6 60.3 84.4 58.7 79.8 57.9 

A14 92.9 83.8 93.6 71.5 93.1 85.4 94.8 72.6 92.2 79.3 93.1 71.4 

A15 53.0 59.1 58.3 38.0 59.9 56.5 63.5 40.8 53.5 49.3 51.0 33.9 

A16 98.0 80.7 95.3 71.6 97.2 78.1 95.1 72.0 97.3 71.9 94.4 72.9 

A17 96.5 95.0 97.7 76.6 95.7 95.1 97.9 77.9 97.2 91.6 96.7 76.6 

A18 72.3 78.4 76.2 59.5 87.0 70.3 80.4 64.8 63.5 69.3 66.5 54.7 

A19 73.3 70.9 80.2 58.6 75.1 79.1 84.7 62.1 76.6 69.5 81.6 61.2 

A20 81.5 80.9 84.8 59.5 89.4 84.6 90.5 62.7 78.0 78.8 82.2 61.2 

All 82.2 82.2 86.9 64.5 85.6 84.2 90.3 67.7 83.4 78.5 86.1 65.2 

 

 YOLOv5m YOLOv7 YOLOv8m 

(a) 

   

(b) 

   

(c) 

   

(d) 

   
Figure 3. Detection results of YOLOv5m, YOLOv7, 

YOLOv8m on the same images (a, b, c, and d) extracted 

from test set of MAR20 dataset. 

Detection results in Fig. 3 (d) presents the case of target-

background resemblance, YOLOv5m shows 

misidentification and cannot detect all instances, and 

YOLOv8 failed to detect all target instances within 

image. YOLOv7 demonstrate a high discrimination 

performance and successfully detects almost all instances 

within image outperforming YOLOv5m and YOLOv8m. 

5. CONCLUSION 

A comparative study on aircraft detection in remote 

sensing images was conducted to evaluate three state-of-

the-art detection algorithms, YOLOv5, YOLOv7, and 

YOLOv8, using MAR20 dataset. The experimental results 

demonstrate that YOLOv7 exhibits a superior overall 

detection performance compared to YOLOv5, and 

YOLOv8 algorithms. YOLOv7 achieves mAP0.5 and 

mAP scores of 90.3% and 67.7% respectively, which are 

higher than YOLOv5m by 3.4% and 3.2% respectively, 

and higher than YOLOv8m by 4.2% and 2.5%. Moreover, 

YOLOv7 demonstrate better distinguishing between 

aircraft features, thus reducing recognition errors with a 

recall rate of 84.2%. Additionally shows a faster learning 

capacity compared to other algorithms in situation of 

lower aircraft instances number. 
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