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Abstract: Remote sensing image object detection is one of the core tasks of remote sensing image processing. In recent years, with the 

development of deep learning, great progress has been made in object detection in remote sensing. However, the problems of dense small 

targets, complex backgrounds and poor target positioning accuracy in remote sensing images make the detection of remote sensing targets 

still difficult. In order to solve these problems, this research proposes a remote sensing image object detection algorithm based on improved 

YOLOX-S. Firstly, the Efficient Channel Attention (ECA) module is introduced to improve the network􀆳s ability to extract features in the im‐

age and suppress useless information such as background; Secondly, the loss function is optimized to improve the regression accuracy of 

the target bounding box. We evaluate the effectiveness of our algorithm on the NWPU VHR-10 remote sensing image dataset, the experi‐

mental results show that the detection accuracy of the algorithm can reach 95.5%, without increasing the amount of parameters. It is signifi‐

cantly improved compared with that of the original YOLOX-S network, and the detection performance is much better than that of some 

other mainstream remote sensing image detection methods. Besides, our method also shows good generalization detection performance in 

experiments on aircraft images in the RSOD dataset.
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0　Introduction

In recent years, with the development of space 

remote sensing technology, the acquisition of high-

resolution remote sensing images[1] has become more 

convenient. Object detection in remote sensing images 

has become one of the current research hotspots. 

Research on object detection technology in remote 

sensing images can provide important information for 

disaster prediction, national defense security and smart 

city construction. In past researches, many excellent 
methods have been proposed to deal with this task, espe‐

cially deep learning-based methods and traditional meth‐

ods. These studies have greatly promoted the develop‐

ment of remote sensing object detection technology and 

brought considerable economic value in many fields[2,3].

Traditional remote sensing image object detection 

methods are usually image-based processing methods. In 

brief, threshold segmentation is firstly used for image 

preprocessing, then the Scale Invariant Feature Trans‐

form (SIFT) method is used to extract image features. Fi‐

nally, template matching and methods based on shallow 

learning are used to judge the target. Over the past de‐

cades, researchers have developed many traditional 
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methods to deal with this problem, including template 
matching sliding window, Histogram of Oriented Gradi‐
ents (HOG) and Bag of Words (BOW) [4], etc. However, 
these traditional methods require manual design of fea‐
ture priors, leading to extensive time spent on feature 
engineering for specific tasks. Consequently, this re‐
sults in long processing times, low detection accuracy 
and poor generalization ability. In contrast, deep 
learning-based object detection algorithms automatically 
extract object features and directly predict object cat‐
egory and location information on the feature map, sig‐
nificantly enhancing the detection performance and effi‐
ciency. Deep learning-based object detection algo‐
rithms can be divided into two categories according to 
whether they include a region proposal generation 
stage. One category is two-stage object detection algo‐
rithms[5], such as Region-based Convolutional Neural 
Network (R-CNN), Spatial Pyramid Pooling Network 
(SPP-Net) [6], Fast R-CNN[7] and Faster R-CNN[8]. The 
other category is single-stage object detection algorithms[9], 
such as Single Shot MultiBox Detector (SSD)[10], Retina-
Net[11], and You Only Look Once (YOLO) algorithm[12]. 
Although deep learning-based object detection algorithms 
exhibit good performance, remote sensing images are 
captured from a bird􀆳s-eye view at different altitudes. The 
backgrounds in these images are complex and the sizes of 
the objects are generally small, which introduces interfer‐
ence to the detection and recognition of the object.

To solve the above issues, scholars have conducted 
a series of researches. Cheng et al[13] proposed the Re‐
mote Sensing Image Convolutional Neural Network 
(RICNN) model, which effectively dealt with the prob‐
lem of target rotation changes in remote sensing images. 
Yang et al[14] aimed at small targets densely arranged in 
any direction in remote sensing images, and improved 
the detection ability of the model for targets in complex 
backgrounds by introducing a supervised multi-
dimensional attention network. Wang et al[15] used the 
Adaptive Spatial Feature Pyramid (ASFP) module to 
fuse multi-scale feature information to enhance the infor‐
mation interaction of different scale feature layers. 
Nayan et al[16] utilized upsampling and skip connections 
to extract multi-scale features at different depths during 
the training process to improve the accuracy of small ob‐
ject detection. Xi et al[17] proposed a dual-stream repre‐
sentation learning generative adversarial network by re‐
covering the missing information of the high-frequency 
and low-frequency components in high-resolution im‐

ages, which in turn improved the detection accuracy of 
small objects in low-resolution aerial images. Nie et 
al[18] proposed an improved ship detection method 
based on Mask R-CNN, which enhanced the accurate 
detection of equipment in remote sensing images.

Although the above methods exhibit satisfactory 
detection performance on remote sensing images, the 
detection efficiency of small objects in complex back‐
grounds remains unsatisfactory. Thus, to address this is‐
sue, this research proposes a lightweight remote sensing 
image object detection network model which utilizes 
YOLOX-S as the basic network model. And it is opti‐
mized for different subproblems. The main contributions 
of this research are summarized as follows:

1) We employ the YOLOX model, which has dem‐
onstrated commendable results in various scene detec‐
tion tasks, for target object detection in remote sensing 
images. On the basis of YOLOX model, we integrate the 
Efficient Channel Attention (ECA) mechanism to im‐
prove the network 􀆳 s ability in extracting important fea‐
tures, reducing the influence of redundant information 
such as background, and ultimately improving the detec‐
tion accuracy of small objects in remote sensing images.

2) We optimize the loss function of the YOLOX-S 
model. Specifically, for the model􀆳s boundary regression 
loss, we employ the Alpha Intersection over Union (α
-IoU) loss function as a replacement for the IoU loss 
function to improve robustness to small sample datasets 
and noise.

3) Experimental evaluations conducted on the 
NWPU VHR-10 remote sensing image dataset demon‐
strate that our method can achieve better detection per‐
formance than most mainstream methods. Additionally, 
we conduct generalization experiments on aircraft im‐
ages in the RSOD dataset, and achieve a good detection 
effect. These results show that our proposed model has a 
good generalization ability.

1　Related Work

1.1　Remote Sensing Image Detector Based on 
YOLO Series Algorithm

The YOLO object detection algorithm was firstly 
proposed by Joseph Redmon. It constitutes an end-to-
end network model that directly predicts target object 
bounding boxes and categories. YOLO redefines object 
detection as a regression problem, employing a single 
Convolutional Neural Network (CNN) applied to the 
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whole image. This network divides the image into grids 
and predicts the class probability and bounding box coor‐
dinates for each grid. YOLOv3[20] was proposed in 2018. 
It uses the global region of the image for training, which 
can better distinguish the target from the background. 
Based on YOLOv3, Cao et al[21] integrated a 104×104 de‐
tection scale into the improved model to enhance the 
sensitivity and detection ability of the network towards 
small objects such as planes and ships in remote sensing 
images. In April 2020, Bochkovskiy et al[22] proposed 
YOLOv4 based on YOLOv3, incorporating Cross Stage 
Partial Network (CSP) and Path Aggregation Network 
(PAN) structures, and adopting some practical tech‐
niques to achieve a balance between detection speed and 
accuracy. Yu et al[23] introduced feature layer scaling to 
YOLOv4 to improve the detection accuracy of bridge 
objects in remote sensing images. In June 2020, Ultralyt‐
ics introduced a new object detection network frame‐
work, YOLOv5, in which some improvements in details 
have been implemented based on YOLOv4. In order to 
solve the problem of category label imbalance caused by 
sparse distribution of objects in remote sensing images, 
Zhao et al[24] integrated the Aggregated-Mosaic method 
into the YOLOv5 model, thereby enhancing the stability 
of training and inference processes.

1.2　Attention Mechanism

In computer vision tasks, such as image recogni‐
tion, semantic segmentation and object detection, atten‐
tion mechanism can enhance essential features of images 
while suppressing some irrelevant features to improve 
the model accuracy. In 2018, Woo et al[25] proposed infer‐
ring attention maps along two independent dimensions 
of channel and space to strengthen target features and im‐
prove object detection accuracy. Wang et al[26] designed 
an encoder-decoder module and constructed a residual at‐
tention network based on it. Experimental results show 
that better outputs can be achieved by continuously refin‐
ing the feature maps. Inspired by these findings, we in‐
corporated attention mechanism into our network. The 
experimental results indicate that these attention mecha‐
nisms can significantly enhance detection accuracy.

2　Method

2.1　Analysis of YOLOX Network

YOLOX[27] inherits the developmental ideas of the 
previous YOLO series network, effectively achieving a 

balance between detection accuracy and processing 
speed, thus rendering it highly adaptable for remote sens‐
ing image object detection. YOLOX network structure 
has four models: YOLOX-S, YOLOX-M, YOLOX-L 
and YOLOX-X. Considering the model reasoning speed 
and lightweight, we choose YOLOX-S as the basic 
model.

The structure of YOLOX network is divided into 
three key components: Backbone, Neck and Output. The 
Backbone network is Cross Stage Partial Darknet (CSP‐
Darknet). Through multiple convolutional and pooling 
processing within the Backbone network, feature maps 
of different sizes are extracted and transferred to the 
Neck part of the modular structure. The Neck compo‐
nent consists of Path Aggregation Feature Pyramid Net‐
work (PAFPN) [28], which initially utilizes the Feature 
Pyramid Network (FPN) architecture to fuse low-level 
and high-level features. This fusion enhances both posi‐
tion and semantic information across feature images of 
different scales. Subsequently, a top-down Path Aggrega‐
tion Network (PANet) is utilized to establish connec‐
tions between high-level features and those of the lower 
layers. These enrich the feature information obtained 
and also enhance feature fusion capabilities. For the Out‐
put, a decoupled head is used, incorporating a general‐
ized crossover joint loss function and the innovative  
Simulated Optimal Transport Assignment (SimOTA) dy‐
namic positive sample matching method. An anchor-free 
method is adopted to alleviate the constraints imposed 
by prior bounding boxes, utilizing the CSPDarknet archi‐
tecture which is known for its excellent feature extrac‐
tion performance. In addition, we incorporate the Focus 
layer from YOLOv5 for data augmentation, along with 
Mosaic augmentation, enabling more comprehensive 
end-to-end predictions.Although YOLOX exhibits com‐
mendable detection performance, this research identifies 
several areas for improvement to address the following 
challenges:

1) The objects in remote sensing images are dense 
and the background is complex, which brings great diffi‐
culties to the object detection task. YOLOX employs the 
CNN-based CSPDarknet Backbone network to capture 
local feature information through convolution kernels. 
However, this approach often ignores the relationship 
between global feature information, resulting in indis‐
tinguishable target information and background informa‐
tion. Consequently, this approach affects the effective‐
ness of detecting targets in remote sensing images.
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2) Remote sensing images[29] often exhibit a large 
aspect ratio, with objects appearing relatively small in 
size, thus complicating accurate object localization. 
YOLOX utilizes the IoU loss function for bounding box 
regression. However, this choice may cause gradient dis‐
appearance during the calculation process, resulting in 
slow convergence speed and low bounding box regres‐

sion accuracy. Consequently, this approach affects the 

precision of object localization in remote sensing images.

2.2　Improved YOLOX Network

Aiming to address the shortcomings of YOLOX in 

remote sensing image object detection, this research pro‐

poses the YOLOX-NR model (shown in Fig. 1).

YOLOX-NR is an improved model based on 
YOLOX. In our experiments, the detection results of 
YOLOX-NR are better than the original YOLOX. We in‐
troduced three ECA modules following the Backbone 
CSPDarknets output to improve the efficiency of feature 
extraction. Moreover, ECA blocks are also incorporated 
to the back of PANet in the Neck section. This strategic 
placement can avoid dimensionality reduction and en‐
able the model to focus on useful information for detec‐
tion while suppressing irrelevant information such as 
background noise. This refinement facilitates enhanced 
detection accuracy of small objects in remote sensing im‐
ages. Additionally, we refined the loss function by re‐
placing the IoU loss function with the α -IoU loss func‐
tion. This modification provides more flexible bounding 
box regression accuracy by modulating the parameter α, 
thereby improving the model􀆳s resilience to small datas‐
ets sizes and noise.
2.2.1　ECA attention module

Squeeze-and-Excitation Network (SENet) is the 
most common channel domain attention mechanism, 
which mainly includes three steps: Squeeze, Excitation 
and Attention[30]. As shown in Fig. 2(a), firstly, global av‐
erage pooling is carried out for each channel separately. 
Then two nonlinear Fully Connected (FC) layers are ap‐

plied, followed by a Sigmoid function to generate chan‐
nel weight values. The two FC layers are designed to cap‐
ture nonlinear channel interactions while finishing dimen‐
sionality reduction. The dimensionality reduction opera‐
tion maps channel features from a high-dimensional 
space to a low-dimensional space and then maps them 
back. This operation can reduce the complexity of the 
model and decrease the model parameters, but it ob‐
structs the direct correspondence between weights and 
channels.

ECA Network (ECANet) is an extension and im‐
provement of SENet, which avoids dimension reduction 
and effectively realizes cross-channel communication. 
Moreover, introducing fewer parameters and computa‐
tions can bring significant gains. After global average 
pooling of channels without dimensionality reduction, 
ECANet captures cross-channel interaction information 
by considering each channel and its K neighbors.

Considering the requirements of model perfor‐
mance, inserting the efficient channel attention mecha‐
nism ECANet[31] into the network can effectively im‐
prove the model performance. Additionally, due to its 
lightweight design, the number of model parameters will 
not greatly increase. As shown in Fig. 2(b), ECA obtains 
a 1×1×C feature map after global average pooling and 

Fig. 1　YOLOX-NR model structure diagram
(a) The Backbone of YOLOX-NR is based on CSPDarknet, with three added ECA attention block. C3, C4, and C5 are feature maps of different scales 

extracted by the Backbone network. (b)The Neck uses the structure of the PANet and is optimized by using ECA attention block. (c) Decoupled head is the 

detection of YOLOX-NR, with added α-IoU loss function. H3, H4, H5 are three output branches of different scales
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calculates the adaptive convolution kernel size K, where 
K refers to the coverage of local channel communica‐
tion, that is how many neighbors will participate in the 
attention prediction of a single channel. The interaction 
coverage (the size of the convolution kernel) is propor‐
tional to the channel dimension. The weights for each 
channel are obtained by fast 1D convolutions of size K, 
as shown in Eq. (1).

W = σ(C1DK (y)) (1)

where σ represents the activation function, 1D indicates 
1D convolution, y indicates aggregated features without 
dimensionality reduction, C indicates the number of 
channels, then the normalized weights and the original 
input feature maps are multiplied channel by channel to 
generate the weighted feature maps.

For the determination of K value, the optimal cover‐
age can be manually adjusted in different network struc‐
tures and different numbers of convolution modules, but 
manual adjustment will lead to a lot of waste of comput‐
ing power resources. Since the convolution kernel size K 
is proportional to the channel dimension C, it can be in‐
ferred that there is a mapping relationship between K 
and C. The mapping relationship is shown in Eq. (2).

C = ϕ(K)= 2γ ´K - b (2)

In order to enable layers with a larger number of 

channels to carry out more cross-channel interactions, 

the convolution kernel size of one-dimensional convolu‐

tion is self-adaptive according to a function. The for‐

mula for calculating the convolution kernel size K is:

K = φ(C)=
|

|
|
||
| log2 (C)

γ
+

b
γ

|

|
|
||
|

odd

(3)

where C represents the number of channels, |· |
odd

 indi‐

cates the nearest odd number, b and γ are hyperparam‐

eters, and set to be 1 and 2, respectively.

In this research, the ECA module is added, which 

can avoid dimension reduction and enable the model to 

focus on the object in the image while ignoring the influ‐

ence and interference of the background. This improves 

the detection accuracy of the model.

2.2.2　Optimization of loss function

The loss function of the YOLOX-S model is mainly 

composed of three parts: bounding box regression loss 

(LossIoU) [32]; class loss (Losscls) and confidence loss 

(Lossconf). Among them, the bounding box regression 

loss of YOLOX-S model adopts the IoU loss function[33]. 

Fig. 2　Structure comparison diagram of SE module (a) and ECA module (b)
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IoU refers to the interaction over union, which is an im‐
portant index for evaluating detector performance in the 
field of object detection. It reflects the detection effect 
between the predicted box and the ground truth box. The 
calculation formula is shown in Eq. (4).

IoU =
|| AÇC
|| AÈC

(4)

where A represents the predicted box and C indicates the 
ground truth box. The greater the overlap between the 
prediction box and the ground truth box, the higher the 
IoU value. The calculation formula of IoU loss function 
is shown in Eq. (5).

LossIoU = 1 - IoU (5)

However, during the calculation process using the 
IoU loss function, there might be scenarios where the 
prediction box and the ground truth box do not intersect. 
This can result in the gradient disappearance problem, 
which will reduce both the convergence speed and detec‐
tion accuracy.

To address the existing problems of IoU loss func‐
tion, this paper adopts α -IoU loss function[34] to solve 
these deficiencies. The calculation formula is shown in 
Eq. (6).

Lossα−IoU = 1 - IoUα + ρα2 (BBgt ) (6)

That is, the Box-Cox transformation is firstly ap‐
plied to the IoU loss, and it is generalized as Power IoU 
loss, which incorporates an additional power regulariza‐
tion term along the power parameter α. B represents the 
predicted bounding box, and Bgt represents the ground 
truth bounding box. ρα2(BBgt ) indicates penalty term 

computed based on B and Bgt, which can be used to pre‐
vent the gradient disappearance problem when calculat‐
ing the IoU loss. Besides, the α -IoU loss can signifi‐
cantly exceed the existing IoU-based loss. By adjusting 
α, the detector gains more flexibility in achieving differ‐
ent levels of bounding box regression accuracy. When 
α > 1, it increases the loss and gradient for high IoU ob‐
jects, thus improving the bounding box regression accu‐
racy. In most situations, the detector performs well when 
α = 3. The final improved objective loss function for‐
mula is shown in Eq. (7).

Loss =Lossα−IoU +Lossconf +Losscls (7)

When performing object detection in remote sens‐
ing images, using the IoU loss function to locate the loss 
may lead to a slower convergence rate, especially for 
small objects. This is because the small size of the object 
can cause the predicted box and the ground truth box to 
overlap which makes it difficult to accurately determine 

the moving direction for the bounding box. Conse‐
quently, this results in poor localization performance in 
remote sensing images. In this research, the α -IoU loss 
function is adopted to address this issue. This loss func‐
tion aims to improve the convergence speed of localiza‐
tion loss by increasing the loss and gradient of high IoU 
objects, and thereby improving the regression accuracy 
of bounding box.

3　Experiment

3.1　Datasets

The datasets used in this research are the NWPU 
VHR-10 remote sensing image dataset[35] and RSOD da‐
taset[36]. Firstly, the NWPU VHR-10 dataset is used to 
evaluate and train the entire model, and then the aircraft 
images of the RSOD dataset are used to evaluate the gen‐
eralization ability and robustness of the improved 
model[37].

The NWPU VHR-10 dataset, annotated by the 
Northwestern Polytechnical University team, is used for 
training and testing in this experiment. The images in 
the dataset are cropped from Google Earth and Vaihin‐
gen datasets. The NWPU VHR-10 small target dataset 
consists of 800 images, which are divided into two parts: 
positive and negative image sets. The positive image set 
consists of 650 images, each containing at least one tar‐
get, while the negative image set comprises 150 images 
with no targets. Negative image sets are only used in 
semi-supervised learning or weakly supervised learning. 
However, this research uses supervised learning, so only 
positive sample sets are used. The NWPU VHR-10 posi‐
tive sample set covers 10 classes of objects, which are 
aircraft, ship, storage tank, baseball diamond, tennis 
court, basketball court, ground track field, harbor, bridge 
and vehicle. Before the experiment, the positive sample 
set of NWPU VHR-10 dataset was randomly divided 
into a training set and a test set in a ratio of 7:3, in which 
the training set had 455 images and the testing set had 
195 images. The numbers of different targets included in 
the training set and test set are shown in Table 1.

The RSOD dataset was annotated by Wuhan Uni‐
versity and used to evaluate the generalization ability 
and robustness of the improved model in this experi‐
ment. The aircraft images from the RSOD dataset are se‐
lected for this generalization evaluation. The RSOD da‐
taset[38] contains 446 aircraft remote sensing images and 
4 993 aircraft targets. The brightness and contrast in the 
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images are diverse, and there are interferences such as 

occlusion, shadow and distortion. During the experi‐

ment, all 446 aircraft remote sensing images were used 

as the test set to verify the generalization ability of the 

model.

3.2　Experimental Details

3.2.1　Experimental platform

The experiments in this paper have certain require‐

ments on hardware devices, and GPU need to be used 

for accelerated operations. The environment required for 

the experiment is built on the server. The operating sys‐

tem is Ubuntu 18.04, the GPU is GTX1080TI, the 

memory is 11 GB, and the PyTorch deep learning frame‐

work is selected. The specific environment required for 

the experiment is shown in Table 2.

3.2.2　Training details

During the training process, the official pre-trained 

weight yolox-s.pt of YOLOX-S is downloaded for trans‐

fer learning. The experiment sets the total training pe‐

riod epochs to 300, enables Mosaic data augmentation, 

with a range of Mosaic augmentation from 0.1 to 2, and 

turns off data augmentation for the last 15 epochs.

The optimizers used for this training are Stochastic 

Gradient Descent (SGD) and Adamax, with a weight de‐

cay coefficient of 0.000 5, an initial learning rate of 

0.01, a minimum learning rate is 5% of the set current 

learning rate, and a learning rate decay strategy using 

the cosine annealing algorithm. Additionally, the mo‐

mentum and Nesterov parameters of the SGD optimizer 

are set to 0.9 and True, respectively. The batch size is set 

to 8, and the image input size is 640×640. Each group of 

experiments is trained for 5 times.

3.3　Evaluation Indicator

In terms of the accuracy of the network model, this 

experiment uses Average Precision (AP), Mean Average 

Precision (mAP) and Precision-Recall (P-R) curve, 

along with other common object detection evaluation in‐

dicators to evaluate the performance of the algorithm in 

this research[39].

Precision is used to measure the correctness of 

model testing, and recall is used to evaluate the compre‐

hensiveness of model testing. The calculation formulas 

are as follows:

Precision =
TP

TP + FP

Recall =
TP

TP + FN

(8)

The meanings of TP, FP and FN in the formula are 

shown in Table 3.

Table 1　Numbers of targets contained in the dataset

Category

Airplane

Ship

Storage tank

Baseball diamond

Tennis court

Basketball court

Ground track field

Harbor

Bridge

Vehicle

Train set

516

237

541

273

379

119

114

159

85

361

Test set

241

65

114

117

145

40

49

65

39

237

Total

757

302

655

390

524

159

163

224

124

598

Table 2　Experimental environment configuration

Configuration

GPU

System

Python version

Deep learning framework

CUDA

Parameter

GTX1080TI

Ubuntu 18.04

3.7

PyTorch 1.8.0

11.1

Table 3　Description of evaluation index formula

Name

FN

FP

TP

TP+FN

TP+FP

Definition

Number of positive samples incorrectly determined as negative samples

Number of negative samples erroneously determined as positive samples

Number of positive samples correctly classified

Actual number of positive samples

Total number of positive samples predicted
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The P-R curve can be drawn according to the calcu‐
lated precision and recall rate, and the area of the graph 
formed by the P-R curve is the AP of a single class, as 
shown in Eq. (9).

AP = ∫
0

1

P(r)dr (9)

where P represents Precision and r represents Recall. 
For mAP, the PASCAL VOC evaluation metric is ad‐
opted in this paper, which calculates the average AP for 
each class at the IoU threshold of 0.5. The calculation 
formula is shown in Eq. (10).

mAP =
∑
i = 1

C

AP i

C
(10)

where C represents the number of classes and APi repre‐
sents the AP value of each class.

In terms of model complexity, the evaluation met‐
rics used in this experiment consist of the number of pa‐
rameters (weights of the model) and Floating-point Op‐
erations (FLOPs):

Parameters =[i ´( f ´ f )´ o]+ o

FLOPs =H ´W ´ Parameters
(11)

where i represents the number of input channels, f repre‐
sents the size of the convolution kernel, o represents the 
number of output channels, and H×W represents the size 
of the output feature map.

3.4　Analysis of Experimental Results

3.4.1　Experiments on attention mechanisms
In order to verify the role of the ECA module, this re‐

search uses three different attention mechanisms, namely  
Convolutional Block Attention Module (CBAM)[25], SE 
and ECA for comparative experiments. Each experiment 
uses the same set of parameters and employs the official 
pretrained weights of YOLOX-S for transfer learning. 
Additionally, to unify the control variables, the three at‐
tention mechanisms are only added between the Back‐
bone and Neck of YOLOX-S. The loss function and opti‐
mizer of the experiment are both set to IoU and SGD, 
and the training rounds are unified to 300 epochs. The fi‐
nal results are shown in Table 4.

As can be seen from Table 4, when ECA attention 
module is added to YOLOX-S model, its mAP value is 
higher than that when the CBAM module and SE mod‐
ule are added. Additionally, the number of parameters 
and FLOPs after adding ECA module are also less than 
the latter two, which reduces the complexity of the 
model and the requirements of hardware equipment to a 
certain extent. Therefore, the attention mechanism se‐

lected in this study is ECA module.
3.4.2　Results on the NWPU VHR-10 dataset

Figure 3(a) and 3(b) show the changes of mAP 
curve and P-R curve of the two algorithms during the 
training process, respectively. It can be seen from the fig‐
ure that the mAP value of our method is higher than that 
of the YOLOX-S model, and the area formed by its P-R 
curve is also larger than that of YOLOX-S. This indi‐
cates that our method is better than the YOLOX-S 
model in the accuracy of remote sensing image detec‐
tion. Figure 3(c) and 3(d) show the changes of the P-R 
curves of the YOLOX-S model and our method at the 
IoU thresholds of 0.5, 0.6, 0.7, 0.8 and 0.9, respectively. 
When IoU = 0.5, the area formed by P-R curve is the 
largest, indicating that the image object detection at this 
time is the most accurate. The sum of the area of five P-
R curves of our method is larger than that of the 
YOLOX-S model, which further verifies that the detec‐
tion performance of our method is better than that of the 
YOLOX-S model.

Figure 4 shows the test results of the proposed algo‐

rithm on part of the data in the NWPU VHR-10 dataset. 

As shown in the Fig. 4, although the detection accuracy 

of harbor object is slightly low, the detection accuracy of 

other objects is high, so the overall detection effect is ex‐

cellent, which also demonstrates the reliability of the 

proposed algorithm for remote sensing image object de‐

tection.

3.4.3　Model generalization verification experiment

In order to verify the generalization of the im‐

proved method based on the YOLOX-S model proposed 

in this research, we tested it on the aircraft images of the 

RSOD dataset. Briefly, the weights trained by the previ‐

ous improved model on the NWPU VHR-10 dataset are 

directly used for inference testing on the aircraft images 

of the RSOD dataset, without training process. Its mAP 

and mAP50: 95 can reach 86.70% and 48.47% respec‐

tively. This indicates that the YOLOX-NR model has 

Table 4　Comparative experiment of different attention 

mechanisms

Models

YOLOX-S+CBAM

YOLOX-S+SE

YOLOX-S+ECA

mAP/%

93.2

93.7

94.4

Parameters/106

9.03

8.98

8.94

FLOPs/G

26.69

26.67

26.66

The bold font in the table is the maximum value
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relatively good generalization performance and can be 

extended to the detection of other remote sensing image 

objects.

Figure 5 shows the performance of the YOLOX-

NR model on aircraft images from the RSOD dataset. As 

observed in the figure, the YOLOX-NR model consis‐

tently achieves good performance and accurate object 

detection under varying conditions of brightness and 

contrast, occlusion, shadow, and small object interfer‐

ence. This indicates that the YOLOX-NR model exhibits 

relatively good generalization properties, suggesting its 

potential applicability to the detection of other objects in 

remote sensing images.

3.4.4　Ablation experiment

In order to further verify the effectiveness of each 

module in the YOLOX-NR model, we conducted an ab‐

lation experiment on each module using the NWPU 

VHR-10 dataset in this research. The results of the abla‐

tion experiments are shown in Table 5.

As observed from Table 5, the first group employed 

YOLOX-S as the benchmark model without incorporat‐

ing any improved modules, and its detection accuracy 

reached 94.2%. In the second group, the loss function 

optimized and the optimizer was modified based on the 

first group. Specifically, the IoU loss function was re‐

placed with the α -IoU loss function, and the SGD opti‐

mizer was substituted with the Adamax optimizer, result‐

ing in an mAP of 94.5% without introducing additional 

parameters. In the third group, the channel attention 

module ECA was added between the Backbone and 

Neck of the YOLOX-S model based on the second 

group, leading to an accuracy of 95.0% with a slight in‐

crease in computational overhead. On the basis of the 

third group, the fourth experiment also incorporated the 

ECA module between the Neck and Head of YOLOX-S 

Fig. 3　Performance comparison between our method and the original YOLOX-S model
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Fig. 4　The detection results of different targets in NWPU VHR-10 dataset using our method

Table 5　Comparison of ablation experiments of each module of the improved algorithm

YOLOX-S

√
√
√
√

α-IoU+Adamx

×

√
√
√

ECA (between 

Backbone and Neck)

×

×

√
√

ECA (between Neck 

and Head)

×

×

×

√

mAP/%

94.2

94.5

95.0

95.5

mAP50:95/%

61.85

62.70

63.05

62.86

" √ " indicates the structure is included in the model, and " × " indicates that the structure is not included in the model. The bold font in the table is the 

maximum value

Fig. 5　Detection performance of YOLOX-NR in RSOD dataset aircraft images
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model. The number of parameters and floating-point op‐
erations remained unchanged, and the mAP reached 
95.5%, which further improved the detection accuracy. 
3.4.5　Comparison with other models

In order to verify the effectiveness of method, we 
compared it with several mainstream algorithms on 
NWPU VHR-10. Among these, BOW[40] represents a ma‐
chine learning method, while the others are based on 
deep learning technology. These deep learning-based 
methods include R-CNN-based RICNN, single-stage al‐
gorithm SSD, deformable Region-based Fully Convolu‐
tional Network (R-FCN), traditional Faster R-CNN, and 
Multi-Scale Convolutional Neural Network (MSCNN), 
etc. The mAP values of each class are shown in Table 6. 
From the total average precision of each class, the 
method proposed in this paper (95.5%) is higher than 
other methods in accuracy. The traditional BOW object 
detection method has the lowest mAP value (24.57%), 
and the detection performance of deep learning methods 

is significantly better than that of traditional object detec‐
tion algorithms. From the detection accuracy rate of indi‐
vidual classes, the method in this research demonstrates 
superior performance in identifying airplanes, ships, stor‐
age tanks, baseball diamonds, basketball courts, ground 
track fields, harbors and vehicles. In particular, the detec‐
tion accuracy of small objects such as ships and storage 
tanks, as well as complex objects like baseball dia‐
monds, ground track fields, and basketball courts, which 
are difficult to distinguish from the background and sur‐
rounding objects, has been significantly improved. Fur‐
thermore, while the YOLOX-S model exhibits substan‐
tial improvements in detection effectiveness compared 
to other models, it encounters issues such as false detec‐
tions and missed detections in habors, which lead to 
lower mAP values. The method proposed in this re‐
search effectively addresses these problems, improving 
the mAP of harbor by 7.18% and enhancing the overall 
detection performance.

4　Discussion

In order to solve the problems of complex back‐

ground and dense small target detection in remote sens‐

ing images, the YOLOX-NR proposed in this research 

integrates the efficient channel attention and optimizes 

the boundary regression loss function. This integration 

significantly enhances the detection accuracy of small 
and medium-sized objects in remote sensing images.

In this research, we proved the effectiveness of 

ECA attention module in detecting small objects in re‐

mote sensing images. As shown in Table 4 and Table 5, 

when the YOLOX-S model is added to ECA attention 

module, its mAP value is higher than the original model, 

as well as models augmented with the CBAM or SE 

modules. This superiority is attributed to the stronger 

feature extraction capabilities of the ECA channel atten‐

tion module compared to CBAM or SE modules. Addi‐

Table 6　Performance comparison between the proposed model and other methods on NWPU VHR-10 dataset
%

Category

Airplane

Ship

Storage tank

Baseball diamond

Tennis court

Basketball court

Ground track field

Harbor

Bridge

Vehicle

mAP

BOW[4]

24.96

58.49

63.18

9.03

4.72

3.22

7.77

52.98

12.16

9.14

24.57

RICNN[13]

88.35

77.34

85.27

88.12

40.83

58.45

85.73

68.60

61.51

71.10

72.63

SSD[10]

95.70

82.90

85.60

96.60

82.10

86.00

58.20

54.80

41.90

75.60

75.90

Deformable 

R-FCN[41]

87.30

81.40

63.60

90.40

81.60

74.10

90.30

75.30

71.40

75.50

79.10

Faster 

R-CNN[8]

94.60

82.30

65.30

95.50

81.90

89.70

92.40

72.40

57.50

77.80

80.90

Multi-Scale 

CNN[42]

99.30

92.00

83.20

97.20

90.80

92.60

98.10

85.10

71.90

85.90

89.60

YOLOX-S

98.87

94.34

93.04

96.35

99.28

99.82

98.62

88.05

82.79

90.87

94.20

YOLOX-NR

99.89

95.59

96.36

95.32

98.61

100.00

99.15

95.23

81.64

93.01

95.50

The bold font in the table is the maximum value
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tionally, the ECA channel attention can effectively focus 
on useful information for detection while suppressing ir‐
relevant background information, thereby improving the 
detection accuracy of small objects in remote sensing im‐
ages. Furthermore, we demonstrated the feasibility of 
the α-IoU loss function. As shown in Table 5, adding 
α-IoU loss function can improve the object detection ac‐
curacy. This is because the α-IoU loss function can accel‐
erate the convergence of positioning loss by modulating 
α, increase the loss and gradient of high IoU targets, and 
thereby improving the regression accuracy of bounding 
boxes.

In summary, the method proposed in this research 
effectively solves the problem of dense small object de‐
tection in remote sensing images and exhibits excellent 
detection performance in actual remote sensing image 
object detection tasks. Nevertheless, since this study em‐
ploys horizontal bounding boxes for object detection, it 
may ignore the directional information such as the rota‐
tion angle of objects. Therefore, in the future work, we 
will take into account factors such as the orientation in‐
formation of objects and explore optimization methods 
to further research in the domain of remote sensing im‐
age tasks.

5　Conclusion

To solve the problems of complex background and 
poor detection performance of dense small objects in re‐
mote sensing images, this study proposes a lightweight 
remote sensing image object detection algorithm which 
is based on an improved YOLOX-S model. This algo‐
rithm integrates the ECA mechanism to improve the net‐
work􀆳s ability on extract important features from images. 
Additionally, we use the α -IoU loss function as a re‐
placement for the IoU loss function in bounding box re‐
gression, thereby improving the localization accuracy of 
objects. Experimental results show that the mAP in the 
improved method exceeds that in the original YOLOX 
model by 1.3% on the NWPU VHR-10 dataset. More‐
over, in the generalization experiment using RSOD re‐
mote sensing dataset for aircraft images, our method 
also exhibits commendable object detection perfor‐
mance, indicating that our method exhibits good general‐
ization ability.
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改进改进YOLOX的遥感图像目标检测算法的遥感图像目标检测算法

刘蓓蓓, 邓彦松†, 吕赫, 周晨晨, 唐学智, 向伟

西南民族大学 电子信息学院, 四川 成都 610041

摘要摘要: 遥感图像目标检测是遥感图像处理的核心任务之一。近年来, 随着深度学习技术的发展, 遥感图像中的目

标检测技术取得了很大的进步。然而, 遥感图像中存在的小目标密集、背景复杂以及目标定位精度差等问题, 使

得遥感目标的检测仍然比较困难。为了解决这些问题, 本文提出了一种基于改进YOLOX-S的遥感图像目标检

测算法。首先, 引入高效通道注意力模块ECA, 提升网络对图像中重要特征的提取能力, 抑制背景等无用信息; 

其次, 优化损失函数,提升目标边界框的回归精度。我们在公开的遥感图像数据集NWPU VHR-10上评估了本文

算法的有效性, 实验结果表明该算法的检测精度能达到95.5%, 在不增加参数量的情况下, 较原有YOLOX-S网络

有明显提升, 且检测性能大幅优于其他一些主流的遥感图像检测方法。除此之外, 在RSOD数据集中的飞机图像

的泛化性实验中, 我们的方法也表现出不错的检测性能。

关键词关键词: 遥感图像; 目标检测; YOLOX-S; 注意力模块; 损失函数
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