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Robustness of YOLO models for object detection in remote sensing images 
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Mohammed Zouaoui Laidouni, Milenko S. Andrić 

 

Remote sensing imagery enables object detection systems to localize and classify targets for critical applications like 

surveillance and autonomous driving. However, distortions introduced during image acquisition, transmission, or compression 

degrade the detection performance, posing challenges for real-world applications. This study conducts a comprehensive 

robustness evaluation of seven state-of-the-art YOLO models, including YOLOv5, YOLOv7, YOLOv8, YOLOv9, YOLOv10, 

YOLOv11, and the modified YOLOv5 against four common distortions: Additive White Gaussian Noise (AWGN), JPEG and 

JPEG2000 compressions, and Gaussian blurring. Using the DOTA-v1.0 dataset, we generated 40 distortion test sets (10 levels 

per distortion type). The obtained results demonstrate that all distortions degrade performance across all evaluated models. 

YOLOv9 outperforms others YOLO models in terms of mean average precision under different distortions. YOLOv7 and 

YOLOv10 exhibit the weakest robustness, whereas YOLOv11 shows low resistance to AWGN distortion. 
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1 Introduction 

Object detection in remote sensing images is critical 

task for a wide range of real-world applications, such as 

surveillance, environmental monitoring, self-driving, 

emergency rescue, and geographic information system 

(GIS) updating [1]. To accomplish this task, recently 

deep learning object detection based-methods received 

much attention, due to their ability to handle large 

amount of data and the strong feature representation 

capability [2]. The deep learning-based methods can be 

categorized into two main categories, two-stage object 

detection algorithms and single-stage object detection 

algorithms. The two-stage algorithms, such as Faster  

R-CNN [3] and Mask R-CNN [4], are region-based 

algorithms. In the first stage, they generate regions of 

interest (RoIs) from the input image, while in the second 

stage, they perform object localization and classi-

fication. Despite their high accuracy, these methods 

require significant computational resources due to the 

large number of RoIs candidates, resulting in lower 

detection speeds [5]. The single-stage algorithms, such 

as RetinaNet [6] and the YOLO family (YOLOv5, 

YOLOv7–YOLOv11) [7-12], directly predict bounding 

boxes and class probabilities from input image through 

single architecture, offering trade-off between detection 

accuracy and real-time inference speed. 

Despite the success of deep learning-based object 

detection algorithms in remote sensing images, their 

performance remains dependent on high-quality input 

data, making it vulnerable to image degradation [13, 14]. 

Numerous studies have explored the impact of image 

distortions on the performance of deep learning-based 

object detection and classification algorithms, revealing 

their performance sensitivity to image distortions and 

highlighting its limitations in terms of robustness to 

common signal degradations, data corruptions, and 

adversarial examples [15]. Early work by Dodge and 

Karam [16] evaluated the impact of Gaussian blurring, 

noise, contrast, JPEG, and JPEG2000 compression on 

the performance of deep learning-based classification 

models, demonstrating that convolutional neural 

networks (CNNs) are particularly vulnerable to blur and 

Gaussian noise, which significantly affect their 

accuracy. Bakir & Bakir [5] demonstrated that Gaussian 

noise reduces YOLOv5’s performance, with a signi-

ficant drop when the injected noise proportion reaches 

50% into the original input image. Authors in [17] 

investigated the impact of various noise types and 

brightness changes on object detection performance of 

deep CNNs algorithms, including YOLOv5, YOLOv8, 

and Faster R-CNN. The results revealed that injecting 

noise and/or reducing image brightness generally 

degrades the performance of these detection methods. 

However, in certain scenarios, adding a small amount of 

noise or reducing illumination levels can enhance object 

detection. In [18] it is investigated the impact of 

compression artifacts on the accuracy of CNN-based 

object detectors, showing their susceptibility to 

compression degradations. In [19], authors evaluated the 
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robustness of several object detection methods such as 

YOLOv4 [20], Mask R-CNN and EfficientDet [21], 

under various global and local distortions using a new 

distorted benchmark dataset derived from MS-COCO 

dataset [22]. Furthermore, the authors in [23] 

investigated the impact of JPEG compression on the 

performance of object detection algorithms, such as 

RetinaNet and Faster R-CNN, revealing a significant 

drop in detection performance at high compression 

ratios, following a knee-shaped curve. Further, in [24] it 

is analyzed the effect of sensor noise on CNN 

classification performance. The study found that Poisson 

noise had a minimal impact, while speckle and salt-and-

pepper noise, combined with global illumination 

variations, significantly degrade accuracy. Gaussian and 

uniform noise had a moderate effect on CNN 

performance. 

In remote sensing context, image distortions pose 

additional challenges, including geometric distortions, 

variation in illumination, blurring, noise, and com-

pression artifacts, arising from low-light sensors and 

bandwidth-constrained transmissions [25]. These degra-

dations severely impact image quality and disturb 

learning of high-level semantic features of objects within 

image, leading to reduced detection accuracy [17], and 

the models’ robustness in these cases remains uncertain. 

Bayerl et al. [26] investigated the impact of remote 

sensing image compression, including JPEG and 

JPEG2000 on object classification performance. They 

demonstrated that mismatched compression encoding 

between the training and inference phases can signi-

ficantly degrade classification performance. Similarly, 

in [27] it is observed a consistent decline in classification 

accuracy with increasing JPEG2000 compression ratios 

across multi-source satellite imagery. Authors in [28] 

showed that compression methods like SPIHT and 

JPEG2000 reduce classification accuracy in hyper-

spectral data by destroying spectral-spatial discrimi-

native information. To mitigate such effects, in [29] is 

proposed a convolutional sparse coding method to 

quantitatively assess the impact of JPEG2000 com-

pression on remote sensing image classification. The 

authors in [30] evaluated the impact of JPEG2000 

compression at a 12:1 ratio, on a proposed YOLOv5 

algorithm for spaceborne targets detection using DOTA-

v1.0 dataset [31]. It achieves a balance between 

computational efficiency and detection accuracy, though 

with a slight increase in false alarms and missed 

detection. In [32] it is analyzed the impact of camera 

calibration parameters (camera distortion correction and 

gamma correction) and five image parameters 

(quantization, JPEG compression, resolution, color 

model, and additional channels) on the performance of 

object detection algorithms, including Faster R-CNN, 

EfficientDet, CenterNet [33] and YOLOv4. In [34], the 

authors investigated the effect of image noise on object 

localization and classification using Faster RCNN, 

RetinaNet, YOLOv5 and YOLOv8, finding that higher 

noise levels significantly reduce detection performance, 

particularly for detecting small objects. 

However, existing studies remain limited in 

addressing remote sensing-specific challenges. Most 

existing studies examine distortion effects on object 

detection and classification performance using natural 

images (MS-COCO dataset [22]), which lack the unique 

complexities of remote sensing such as arbitrary object 

orientations from top-down views, large scale variations, 

nonuniform object densities, and large aspect ratios [1]. 

Moreover, researches on distortion effects in remote 

sensing imagery remains limited to comprehensively 

cover real-world remote sensing scenarios. In particular, 

blurring significantly degrades the visibility of small and 

densely targets within image, making it one of the most 

critical distortions for object detection in remote sensing 

images. 

Despite these efforts, a few studies have com-

prehensively evaluated YOLO models under controlled 

distortions specific in remote sensing images. While 

authors in [30, 32, 34] addressed certain distortions 

types, they did not cover critical distortion like blurring, 

which frequently occur in remote sensing images, due to 

motion artifacts or atmospheric interference. To bridge 

this gap, and recognizing the critical need for precise 

detection in remote sensing images across wide range of 

scenarios, this study presents a comprehensive analysis 

of four distortion types, including AWGN, JPEG and 

JPEG2000 compressions, and blurring on detection 

performance of state-of-the-art single-stage object de-

tection algorithms: YOLOv5 [7], YOLOv7 [8], 

YOLOv8 [9], YOLOv9 [10], YOLOv10 [11], YOLOv11 

[12], and the modified YOLOv5 [35]. The evaluation is 

conducted on the DOTA-v1.0 remote sensing dataset 

[31], across multiple distortion levels. 

To this end, the key contributions of this research are: 

• Test bed creation: Distorted testing sets are derived 

from DOTA-v1.0 remote sensing dataset [31], 

including four distortion types: AWGN, JPEG and 

JPEG2000 compressions, and blurring with 10 

severity levels each. 

• Comparative analysis: Robustness evaluation of 

seven YOLO algorithms on the created distorted 

testing sets is performed. This analysis highlights the 

strengths and limitations of each algorithm under 

various distortion scenarios. 

The remain of this paper is organized as follows. 

Section 2 outlines the materials and methods, describing 

the selected distortion types and the evaluated YOLO 

models. Section 3 details the data preparation and the 

creation of distorted test sets. Section 4 presents the 

experimental results, analysis, and discussion. Section 5 
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summarizes the key findings and suggests directions for 

future research. 

 

2 Materials and methods 

This section is divided into two parts: (1) distortion 

types, which includes AWGN, JPEG and JPEG2000 

compressions, and blurring used to analyze the distortion 

effect on object detection performance, and (2) object 

detection algorithms, that presents an overview of the 

evaluated YOLO models. 

 

2.1 Distortion types 

JPEG is a lossy image compression method widely 

used to reduce digital image storage size while 

maintaining acceptable visual quality. It compresses 

image by transforming it into the frequency domain 

using the Discrete Cosine Transform (DCT), which 

separates image details into frequency components. The 

resulting DCT coefficients are then quantized to reduce 

storage requirements. JPEG is favored for its efficient 

trade-off between image quality, file size, and processing 

speed. Compression quality is controlled by a quality 

factor (Q), typically ranging from 1 to 100, where higher 

values correspond to lower compression and better 

image quality [32].  

JPEG2000 is an advanced image compression 

standard that employs wavelet-based technique instead 

of the DCT used in JPEG. It provides lossy-to-lossless 

compression, providing higher efficiency and superior 

image quality, particularly at high compression ratios. 

JPEG2000 also offers features such as progressive 

transmission, region-of-interest coding, and scalability, 

making it well-suited for applications requiring 

adaptability and interoperability in networked and 

mobile environments [36]. Compression quality is 

controlled by the compression ratio (CR), where smaller 

values correspond to lower compression and better 

image quality. 

In this study, Gaussian noise is employed to assess the 

robustness of YOLO algorithms due to its resemblance 

to naturally noise types [5]. Gaussian noise typically 

arises in images due to factors such as the noise of 

electronic circuits and sensors caused by poor illumi-

nation and/or high temperatures. To simulate noise 

corruption, Gaussian noise with a zero mean and  

a standard deviation σN was applied independently to 

each pixel within each image channel. 

Gaussian blurring is a global distortion used in image 

processing to reduce noise and smooth image details by 

attenuating high-frequency components. This is 

achieved through convolution with a Gaussian low-pass 

filter of standard deviation (σB), applied to each image 

channel. The standard deviation controls the blur 

intensity (larger σB results in severe blurring) [16]. 

 

2.2 Object detection algorithms 

This study evaluates the robustness of seven YOLO-

based object detection models: YOLOv5 [7], YOLOv7 

[8], YOLOv8 [9], YOLOv9 [10], YOLOv10 [11], 

YOLOv11 [12], and the modified YOLOv5 [35]. 

YOLOv5 is an anchor-based detector. It uses the 

CSPDarknet53 (Cross Stage Partial Network) in the 

Backbone part for feature extraction, and combines the 

Path Aggregation Network (PANet) and Feature Pyra-

mid Network (FPN) for multi-scale feature aggregation 

in the Neck part. YOLOv5 is available in five scalable 

variants.  

YOLOv7 introduces the Extended Efficient Layer 

Aggregation Networks (E-ELAN) for efficiently guides 

computational blocks to capture a diverse range of 

features. In addition, a new scaling strategy and training 

optimizations are adopted to balance speed and 

accuracy. 

YOLOv8 is an anchor-free object detection 

algorithm, which introduced C2f (Cross-Stage Partial 

Bottleneck with Two Convolutions) modules and a de-

coupled head for improved gradient flow and accuracy.  

YOLOv9 is an anchor-free object detection algo-

rithm, that improves gradient propagation through 

Programmable Gradient Information (PGI) and employs 

a GELAN (General Efficient Layer Aggregation 

Network) Backbone for higher efficiency. 

YOLOv10 is a real-time object detection algorithm. 

It introduces a fully NMS-free (Non-Maximum 

Suppression-free) with a dual assignment strategy for 

better label assignment, reducing latency while impro-

ving accuracy.  

YOLOv11 is a real-time, anchor-free object detection 

model introduced by Ultralytics in 2024. It builds on 

YOLOv8 and YOLOv9 by incorporating enhancements 

such as C3K2 modules, C2PSA (advanced attention 

mechanism) blocks, and SPPF module (Spatial Pyramid 

Pooling-Fast), which improves its capacity to handle 

spatial information while preserving fast inference. 

The modified YOLOv5 [35] integrates Swin Trans-

former v2 into the Backbone, a bi-directional feature 

pyramid network (BiFPN) [21] in the Neck, and an 

additional detection head for improving small target 

detection in remote sensing images. 
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3 Data preparation 

This section presents the dataset used in the eva-

luation of YOLO models robustness. At the beginning, 

the original DOTA-v1.0 dataset is introduced. Next, the 

adaptation process made to DOTA-v1.0 dataset for 

YOLO training/testing is described in detail. Finally, the 

generation details and parameters of four distortions are 

provided. 

 

3.1 Dataset description and partitioning 

DOTA-v1.0 [31] is a large‐scale geospatial object 

detection dataset, which consists of 15 different object 

categories: baseball diamond, basketball court, bridge, 

harbor, helicopter, ground track field, large vehicle, 

plane, ship, small vehicle, soccer ball field, storage tank, 

swimming pool, tennis court, and roundabout. This 

dataset contains a total of 2806 aerial images obtained 

from different sensors and platforms with multiple 

resolutions. There are 188282 object instances labeled 

by an oriented bounding box. The sizes of images range 

from 800×800 to 4000×4000 pixels. Each image 

contains multiple objects of different scales, orientations 

and shapes. The proportions of the training set, 

validation set, and testing set in DOTA-v1.0 are 3/6, 1/6, 

and 2/6, respectively. 

To adapt the DOTA-v1.0 dataset for YOLO 

training/testing, several preprocessing steps are applied. 

Firstly, the original training set of DOTA-v1.0 was split 

into a training, validation, and test set, preserving the 

division ratio of the original dataset: 3/6, 1/6, and 2/6, 

respectively. Secondly, a patches of 1024×1024 pixels 

were cropped from the original images with a stride of 

824 pixels (overlapping of 200 pixels), due to the high 

resolution of the original images. Thus, the resulting 

dataset contains 7874 images (93152 instances) for 

training, 2519 images (30600 instances) for validation, 

and 5356 images (65352 instances) for testing. Since 

most YOLO models are not designed for oriented 

bounding boxes, we generated horizontal bounding 

boxes by calculating the axis-aligned bounding boxes 

over original (oriented) annotated bounding boxes of 

DOTAv-1.0. 

 

3.2 Distortion generation 

To assess the robustness of the algorithms under 

varying degrees of image degradation, distorted test sets 

were created, focusing on distortions commonly 

encountered in real-world applications. These include 

JPEG and JPEG2000 compressions, AWGN, and 

Gaussian blurring. For each type of distortion, 10 testing 

sets were generated, with each set representing a specific 

level of distortion as shown in Tab. 1. 

For AWGN, 10 levels were generated in our expe-

riments by varying the variance parameter 𝜎𝑁
2  from 0.001 

to 0.05 using the MATLAB imnoise function, while a 

zero-mean Gaussian noise was added independently to 

each pixel. 

For JPEG compression, 10 levels of compression 

were generated in our experiments by varying the quality 

parameter (Q factor) from 5 to 50 in steps of 5 using the 

MATLAB imwrite function. The Q factor, ranging from 

1 to 100, controls the compression level, where value 

Q=100 corresponds to low compression and high 

quality, and lower values of Q result in higher com-

pression and reduced image quality.  

For JPEG2000 compression, 10 levels of com-

pression were generated in our experiments by varying 

the parameter Com-pression Ratio (CR) from 50 to 500 

in steps of 50 using the MATLAB imwrite function and 

the “. j2k” file extension. 

 

Table 1. Distortion levels for JPEG, JPEG2000, AWGN, and blurring distortions 

Levels     

  Distortion 
1 2 3 4 5 6 7 8 9 10 

  JPEG compression (Q) 50 45 40 35 30 25 20 15 10 5 

  JPEG2000 compression (CR) 50 100 150 200 250 300 350 400 450 500 

  AWGN (σ
N

2) 0.001 0.002 0.004 0.006 0.008 0.01 0.02 0.03 0.04 0.05 

  Blurring (σ
B
) 0.5 1 1.5 2 2.5 3 3.5 4 4.5 5 

 

 

For Gaussian blurring distortion, 10 levels were 

generated in our experiments by varying the standard 

deviation σB from 0.5 to 5 with a step of 0.5 using the  

MATLAB imgaussfilt function. Each pixel was blurred 

through convolution with a Gaussian low-pass filter of 

standard deviation σ
B
. 
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Figure 1 presents examples of image distortion levels 

for the four distortion types analyzed in this study. The 

images are extracted from the created testing sets. Each 

row corresponds to a specific distortion type, while the 

columns represent three selected distortion levels: low, 

medium, and high. For each level, a representative 

parameter value is provided, such as JPEG quality factor 

(Q = 50 for low, Q = 25 for medium, and Q = 5 for high). 

It provides a visual overview of how distortions increase 

in severity for each type, helping to understand the 

impact on image quality. 
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Fig. 1. Examples of four distortion types (JPEG, JPEG2000, AWGN, blurring)  

at low, medium, and high distortion levels 
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4 Experimental results and analysis 

4.1 Implementation details 

The experimental setup operates on Windows 11, 

equipped with an Intel® Core™ i7-12650H/16GB 

@2.30GHz, and NVIDIA RTX 3050Ti/4GB. The algo-

rithms were implemented using the PyTorch framework 

(version 2.0.1) and accelerated with CUDA Toolkit 

(version 11.8). 

To evaluate YOLO models robustness, the common 

widely used evaluation metrics are employed, including 

precision (P), recall (R), mean average precision (mAP) 

averaged for intersection over union IoU∊{0.5, 0.55, 0.6, 

…, 0.95} (COCO’s standard metric) and mean average 

precision (mAP0.5) at IoU=0.5 (PASCAL VOC’s metric) 

[3]. 

Initially, the algorithms are trained on the original 

high-quality images in the training sets. Then, the trained 

models are tested on a specifically created distorted test 

sets containing distorted images to assess performance 

degradation relative to the applied distortions. The 

training process used the Stochastic Gradient Descent 

(SGD) algorithm for optimizing the loss function. Key 

training hyperparameters include a momentum of 0.937, 

a weight decay coefficient of 0.0005, and an initial 

learning rate of 0.01. The batch size is set to 4, and the 

number of epochs is 300. The input image resolution is 

640×640 pixels. 

 

4.2 Detection performance under  

      individual distortions 

In this part, the effect of four degradation types on the 

performance of target detection in remote sensing 

images is examined. Each degradation was applied at ten 

intensity levels, enabling a comprehensive assessment of 

algorithm robustness under conditions that simulate real-

world scenarios. The performance evaluation uses mAP 

and mAP0.5 quantitative measures. 

 

4.2.1 JPEG compression analysis 

Figure 2 illustrates the impact of JPEG distortion 

levels on the object detection performance mAP and 

mAP0.5, for seven object detection models, including 

YOLOv5m, YOLOv7, YOLOv8m, YOLOv9m, 

YOLOv10m, YOLOv11m, and a modified YOLOv5. 

  

(a) (b) 

Fig. 2. Impact of JPEG distortion on object detection performance for YOLOv5m, YOLOv7, YOLOv8m, 

YOLOv9m, YOLOv10m, YOLOv11m, and the modified YOLOv5, (a) mAP and (b) mAP0.5 

The distortion levels are indexed from 1 to 10, where 

1 represents the minimal distortion level and 10 the 

maximal, while zero indicates the case without dis-

tortion. The detection performance, measured in terms 

of mAP and mAP0.5, decreases as JPEG distortion levels 

increase. For the first six levels of degradation (up to the 

quality factor Q=25), this decline is small, but beyond 

that, performance drops significantly. This trend is 

consistent across all models, highlighting the significant 

 

challenges posed by JPEG compression on detection 

performance.  

For mAP0.5, the modified YOLOv5 achieves the best 

results at lower distortion levels, indicating its greater 

robustness in these conditions. At higher distortion 

levels, the original YOLOv5m and YOLOv9m slightly 

outperforms the modified YOLOv5. 
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For mAP, YOLOv9m outperforms all other algo-

rithms across all distortion levels, showing a clear 

performance gain and strong robustness to JPEG 

compression. YOLOv5m, YOLOv8m and YOLOv11m 

show comparable performance across all distortion 

levels. From level 1 to 7, the modified YOLOv5 ranks 

second, while at higher distortion levels, it performs 

similarly to YOLOv5m, YOLOv11m, and YOLOv8m, 

with no model exhibiting a clear dominance. Notably, 

for both mAP and mAP0.5, YOLOv10m records the 

lowest performance at low compression levels, while 

YOLOv7 shows the weakest results at high compression 

levels, indicating its vulnerability to high JPEG 

compression. 

 

4.2.2 JPEG2000 compression analysis 

Figure 3 displays a comparison of the effect of 

JPEG2000 compression on object detection perfor-

mance, measured in terms of mAP and mAP0.5, for seven 

object detection algorithms. For all detection algorithms, 

both mAP and mAP0.5 decrease progressively with 

increasing JPEG2000 distortion level, following a linear 

degradation trend. This reflects a proportional rela-

tionship between JPEG2000 compression severity and 

the drop in detection performance. 

For mAP0.5, the modified YOLOv5 demonstrates the 

best detection results at low distortion levels (1–2), 

outperforming all other models. Beyond these levels, 

YOLOv5m and YOLOv9m slightly surpasses the others, 

while the modified YOLOv5, YOLOv8m, and 

YOLOv11m show comparable performance. In contrast, 

YOLOv10m consistently records the weakest perfor-

mance from levels 1 to 3, while at higher JPEG2000 

compression levels (4–10), YOLOv7 shows the lowest 

results indicating its susceptibility to JPEG2000 

compression artifacts. 

For mAP, YOLOv9m surpasses all other algorithms 

across all distortion levels, demonstrating the highest 

robustness to JPEG2000 distortion. The modified 

YOLOv5 slightly outperforms YOLOv7, YOLOv8m, 

YOLOv10m, and YOLOv11m from distortion levels 1 

to 4, while at higher distortion levels (5–10), the 

modified YOLOv5, YOLOv5, YOLOv8m and 

YOLOv11m achieve similar performance. Furthermore, 

YOLOv7 shows a sharper decline in mAP from levels 2 

to 10, indicating lower resistance to JPEG2000 

compression. 

  

(a) (b) 

Fig. 3. Impact of JPEG2000 distortion on object detection performance for YOLOv5m, YOLOv7, YOLOv8m, 

YOLOv9m, YOLOv10m, YOLOv11m, and the modified YOLOv5, (a) mAP and (b) mAP0.5 

 

4.2.3 AWGN analysis 

Figure 4 highlights the robustness of the YOLOv5m, 

YOLOv7, YOLOv8m, YOLOv9m, YOLOv10m, 

YOLOv11m, and the modified YOLOv5 algorithms in 

maintaining detection performance under ten levels of 

AWGN distortion, evaluated in terms of mAP and 

mAP0.5. 

The mAP and mAP0.5 exhibit a gradual decline as the 

AWGN distortion level increases across all algorithms, 

following a piecewise linear degradation trend.  

A noticeable drop in both mAP and mAP0.5 is observed, 

particularly at higher noise levels, indicating that greater 

noise severity significantly reduces detection perfor-

mance (for σ
N

2 greater than 0.01). 

mailto:mAP@0.5
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YOLOv5m, the modified YOLOv5, and YOLOv9m 

demonstrate comparable mAP0.5 performance with 

YOLOv5 showing a slight advantage in low levels (1–6) 

and beyond these levels YOLOv9m exhibit a slight gain, 

consistently outperforming other models. YOLOv7 and 

YOLOv8m perform similarly during the initial dis-

tortion levels (1–4). However, at higher levels, YOLOv7 

demonstrates superior robustness, maintaining better 

mAP0.5 performance than YOLOv8m, YOLOv10m and 

YOLOv11m. 

For mAP, YOLOv9m and the modified YOLOv5 

show superior robustness to AWGN distortion, 

achieving the highest mAP results across all distortion 

levels. This highlights its exceptional detection 

capability even under high noise conditions, making 

them the most resilient algorithms among the evaluated 

models. In contrast, for both mAP and mAP0.5, 

YOLOv10m and YOLOv11m show the lowest 

resistance to AWGN distortion. 

 

 

 

 

4.2.4 Blurring analysis 

Figure 5 illustrates the impact of blurring distortion 

on the object detection performance of YOLO models, 

evaluated using mAP and mAP0.5 across ten distortion 

levels. Blurring distortion adversely affects object 

detection performance, posing challenges for all seven 

algorithms in detecting targets. At low distortion levels, 

mAP and mAP0.5 exhibit a slow degradation. However, 

from levels 3 to 10, the decline becomes more 

pronounced. This reflects the increasing difficulty in 

detection caused by severe blurring. 

The modified YOLOv5 achieves the highest mAP0.5 

scores from levels 1 to 5. At higher distortion levels  

(6–10), YOLOv9m and YOLOv11m outperform the 

other algorithms. where YOLOv11m shows a superior 

performance, indicating the highest resistance to 

blurring distortion. 

For mAP, YOLOv9m outperforms the other 

algorithms from levels 1 to 5, while at higher levels of 

blurring (6–10), it is surpassed by YOLOv11m, which 

becomes the dominant algorithm. In contrast, YOLOv7 

exhibits the lowest detection performance and 

experiences the most severe decline as distortion levels 

increase, highlighting its sensitivity to blurring 

distortion.  

 

  

  

(a) (b) 

Fig. 4. Impact of AWGN distortion on object detection performance for YOLOv5m, YOLOv7, YOLOv8m, 

YOLOv9m, YOLOv10m, YOLOv11m, and the modified YOLOv5, (a) mAP and (b) mAP0.5 
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(a) (b) 

Fig. 5. Impact of blurring distortion on object detection performance for YOLOv5m, YOLOv7, YOLOv8m, 

YOLOv9m, YOLOv10m, YOLOv11m, and the modified YOLOv5, (a) mAP and (b) mAP0.5 

 

4.3 Detection performance per each class 

Figure 6 presents the mAP variation for the fifteen 

classes of the DOTA-v1.0 dataset across ten distortion 

levels of JPEG and JPEG2000 compressions, AWGN 

and blurring. The upper value of each bar represents the 

mAP for the original (undistorted) images, while the 

lower value represents the minimum mAP obtained for 

the higher distortion levels. A smaller variation in mAP 

indicates higher resilience to the distortion. There is  

a noticeable difference in mAP variation across classes 

and between algorithms. This can be attributed to 

differences among classes, including shape and size, as 

well as the impact of background. 

For JPEG compression, object classes such as bridge, 

soccer ball field, basketball court, ground track field, 

baseball diamond, tennis court and roundabout show a 

higher mAP variability cross all algorithms compared to 

other classes. This is due to their high pixel 

representation, which is more affected by high 

compression, reducing their detectability. The variability 

in mAP under JPEG2000 compression is higher than 

under JPEG compression for object classes such as large 

vehicle, ship and small vehicle due the complex 

background and densely distributed targets within 

image. In contrast, certain object classes such as 

basketball court, ground track field, and tennis court 

show lower mAP variation compared to JPEG 

compression. Furthermore, object classes including 

helicopter and plane exhibit resilience to JPEG2000 

compression, maintaining relatively high and stable 

mAP values even at high distortion levels. 

AWGN significantly affects all object classes, 

leading to a high variability in mAP across all algo-

rithms. This effect is particularly noticeable in 

YOLOv10m and YOLOv11m, while mAP values 

approach to zero at higher distortion levels, particularly 

for object classes such as bridge, soccer ball field, 

basketball court, ground track field, baseball diamond, 

tennis court, and roundabout. The important mAP 

degradation for these classes is attributed to the large 

target size in the images, making them more susceptible 

to noise that obscures critical details and renders the 

targets unidentifiable. In contrast, YOLOv9m and the 

modified YOLOv5 algorithm exhibits smaller mAP 

variations for targets such as large vehicle, helicopter, 

plane, ship, and small vehicle compared to other 

algorithms, emphasizing its enhanced detection ability 

in noisy environment. 

Similar to AWGN, blurring is also an influential 

distortion type, exhibiting high variation in mAP across 

all algorithms. The effect varies by object class; for 

instance, the detection of helicopters, ships, and small 

vehicles is more significantly impacted due to reduced 

edge clarity, diminished texture detail, and lower 

discrimination between the target and background 

(particularly for ship and helicopter). These factors make 

them more challenging for detection algorithms to 

accurately differentiate objects from their surroundings. 

The analysis of distortions on detection performance 

highlights the significant impact of image quality on 

object detection across all classes in the DOTA-v1.0 

dataset. The analysis reveals that the object classes with 

small pixel representations such as large vehicle, 

helicopter, plane, ship, and small vehicle exhibit a high 

variability of mAP under blurring distortion and minor 

mAP variability under JPEG compression. In contrast, 

the object classes with large pixel representation such as 

basketball court, ground track field, baseball diamond, 

and roundabout exhibit lower mAP variability under 

blurring distortion compared to mAP variability under 

AWGN distortion and JPEG compression.   



438                                Touati Adli et al.: Robustness of YOLO models for object detection in remote sensing images 

 

 

 

Fig. 6. Comparison of mAP across 10 distortion levels for DOTA-v1.0 object classes using YOLOv5m, YOLOv7, 

YOLOv8m, YOLOv9m, YOLOv10m, YOLOv11m, and the modified YOLOv5 
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4.4 Aggregate performance across distortions 

Table 2 summarizes the detection performance of 

YOLOv5m, YOLOv7, YOLOv8m, YOLOv9m, 

YOLOv10m, YOLOv11m, and the modified YOLOv5 

in case of four distortion types. The evaluation inclu-des 

four key metrics: precision (P), recall (R), mAP0.5, and 

mAP, providing a comprehensive comparison of each 

model’s robustness affected by each distortion (bold font 

indicates the best results, while underlined represents the 

second-best results).. 

 

Table 2. Detection performance metrics for YOLOv5m, YOLOv7, YOLOv8m, YOLOv9m, 

YOLOv10m, YOLOv11m, and the modified YOLOv5, averaged across all distortion levels  

for each distortion type 

Distortion type Algorithm P R mAP0.5 mAP 

JPEG 

YOLOv5m 0.8275 0.7178 0.7733 0.5134 

YOLOv7 0.7951 0.6873 0.7473 0.4978 

YOLOv8m 0.8102 0.7045 0.7608 0.5204 

YOLOv9m 0.8121 0.7253 0.7723 0.5482 

YOLOv10m 0.7672 0.6815 0.7254 0.4968 

YOLOv11m 0.7898 0.6970 0.7483 0.5097 

modified YOLOv5 0.7958 0.7217 0.7698 0.5275 

JPEG2000 

YOLOv5m 0.7655 0.6346 0.6913 0.4420 

YOLOv7 0.7091 0.5874 0.6316 0.4047 

YOLOv8m 0.7707 0.6006 0.6741 0.4461 

YOLOv9m 0.7654 0.6269 0.6929 0.4751 

YOLOv10m 0.7316 0.5815 0.6425 0.4286 

YOLOv11m 0.7529 0.6033 0.6711 0.4433 

modified YOLOv5 0.7352 0.6302 0.6830 0.4481 

AWGN 

YOLOv5m 0.8243 0.5610 0.6240 0.4093 

YOLOv7 0.7827 0.5252 0.5787 0.3787 

YOLOv8m 0.7515 0.5029 0.5607 0.3741 

YOLOv9m 0.8060 0.5654 0.6232 0.4367 

YOLOv10m 0.6901 0.4770 0.5298 0.3541 

YOLOv11m 0.6566 0.4643 0.5157 0.3462 

modified YOLOv5 0.7965 0.5600 0.6145 0.4184 

Blurring  

YOLOv5m 0.7562 0.5970 0.6542 0.4046 

YOLOv7 0.6963 0.5544 0.5956 0.3706 

YOLOv8m 0.7349 0.5662 0.6404 0.4161 

YOLOv9m 0.7485 0.6017 0.6667 0.4418 

YOLOv10m 0.7067 0.5397 0.6133 0.3960 

YOLOv11m 0.7524 0.6150 0.6813 0.4371 

modified YOLOv5 0.7194 0.6196 0.6660 0.4162 
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For JPEG compression, YOLOv9 achieves the 

highest mAP (0.5482) and recall (0.7253), while the 

modified YOLOv5 reaches the second-best result of 

mAP (0.5275) and recall of (0.7217). YOLOv5 provides 

the highest precision (0.8275) and mAP0.5 (0.7730). In 

contrast, YOLOv10m demonstrates the lowest perfor-

mance across all metrics. 

Under JPEG2000 compression, YOLOv8 exhibits 

the best precision (0.7707), whereas the highest recall 

(0.6346) and the second-best results of precision 

(0.7655) and mAP0.5 (0.6913) are reached by YOLOv5. 

YOLOv9m surpasses the other models in both mAP0.5 

(0.6929) and mAP (0.4751), indicating its robustness 

under JPEG2000 compression, while the lowest 

analyzed precision, mAP0.5, and mAP are achieved by 

YOLOv7. 

For AWGN distortion, the YOLOv5 outperforms all 

other models, achieving the highest precision (0.8243) 

and mAP0.5 (0.6240), and the second-best result of recall 

(0.5610), while YOLOv9m provides the highest mAP 

(0.4367) and recall (0.5654) values, and reaches the 

second-best precision (0.8060) and mAP0.5 (0.6232). In 

contrast, YOLOv11m demonstrates the lowest perfor-

mance across all metrics. 

In the case of blurring, YOLOv9m achieves the 

highest mAP (0.4418), and the second best mAP0.5 

(0.6667). while YOLOv11m attains the best mAP0.5 

(0.6813), and second-best result for the rest metrics. 

These results demonstrate the robustness of YOLOv9 

and YOLOv11 against blurring distortion. Furthermore, 

YOLOv7, and YOLOv10m consistently records the 

lowest performance, highlighting their sensitivity to 

blurring distortion. 

Based on this analysis, it is observed that YOLOv9m 

achieves a superior detection performance in terms of 

mAP regardless of the distortion type. It also demon-

strates strong performance results for precision, recall 

and mAP0.5. In addition, the modified YOLOv5 shows 

the second-best results in term of mAP. In contrast, 

YOLOv7 and YOLOv10 exhibit weak performance 

across all distortion types, indicating lower robustness 

compared to other models. The weak robustness of 

YOLOv7 can be explained by the deep aggregation of 

multi-scale features in E-ELAN that may amplify noise 

and compression artifacts in deeper layers. Additionally, 

its higher model complexity may increase sensitivity to 

pixel-level distortions, disrupting the consistency of 

learned features. 

 

 

 

5 Conclusion 

This study provides a comprehensive evaluation of 

the robustness of state-of-the-art YOLO models, 

including YOLOv5, YOLOv7, YOLOv8, YOLOv9, 

YOLOv10, YOLOv11, and a modified YOLOv5, in the 

presence of common image distortions in remote sensing 

images: AWGN, JPEG and JPEG2000 compressions, 

and Gaussian blurring. A total of 40 test sets (10 levels 

per distortion type) were generated from the DOTA-v1.0 

dataset. Key findings indicate that the distortion causes 

the performance declining. YOLOv9 demonstrates 

superior robustness and resilience to distortions, 

outperforming others YOLO models in terms of mAP, 

while YOLOv7 and YOLOv10 exhibit the weakest 

resilience. The study also reveals that distortion 

resilience varies significantly across object classes. 

Generally, small objects, such as helicopters and ship 

show significant mAP reduction under blurring and 

lower reduction under JPEG compression. In contrast, 

large objects such as soccer ball field, basketball court, 

ground track field, baseball diamond, and roundabout 

exhibit a higher mAP dropping under AWGN and JPEG 

compression compared to blurring. 

Future work should focus on improving YOLO 

architectures to mitigate distortion impacts, bridging the 

gap between controlled environments and real-world 

conditions. Additionally, expanding training datasets to 

include real-world complex remote sensing scenarios 

with different or combined distortions could further 

enhance the robustness of object detection models. 
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