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ABSTRACT

Aerial image target detection is a challenging task due to the complex backgrounds, dense target
distribution, and large-scale differences often present in aerial images. Existing methods often
struggle to effectively extract detailed features and address the issue of imbalanced positive and
negative samples. To tackle these challenges, an aerial image target detection method (dense
RFB-FE-CGAM) based on dense RFB-FE and channel-global attention mechanism (CGAM) was
proposed. First, the authors design a shallow feature enhancement module using dense RFB feature
multiplexing and expand convolution within an SSD network, improving detailed feature extraction.
Second, they introduce CGAM, a global attention module, to enhance semantic feature extraction in
backbone networks. Finally, they incorporate a focal loss function for joint training, addressing sample
imbalance. In experiments, the method achieved an mAP of 0.755 on the DOTA dataset and recall/
AP values of 0.889/0.906 on HRSC2016, confirming the effectiveness of dense RFB-FE-CGAM for
aerial image target detection.
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1. INTRODUCTION

With the iterative update of electronic communication technology and the continuous maturity of cloud
computing (Bhardwaj, et al., 2022; Kumar, et al., 2022), big data (Stergiou, et al., 2021), knowledge
graph (Zhou, et al., 2023), sensors (Srivastava, et al., 2022), network security (Li, et al., 2022), edge
computing (Lv, et al., 2022), and artificial intelligence technology (Wang, et al., 2020; Jelusic, et
al., 2022), the UAV industry has entered a rapid development stage. Drones have been applied in
various fields such as power detection, environmental protection, biological detection, logistics and
transportation, disaster rescue, data collection, and mobile communication (Razakarivony., & Julie.,
2016). In the coming years, the deep integration of drone technology with artificial intelligence (L4,
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D., et al., 2019; Nhi, et al., 2022), image processing (Chu, et al., 2022; Qian, et al., 2022; Zheng,
et al., 2022), network security (Alomani, et al., 2022; Gaurav, et al., 2022) and other technologies
will not only further overcome the problems of drones in current industrial production, it will also
promote the landing of UAV applications in new fields (Betti., & Tucci., 2023; Ahmed, et al., 2022;
Sun, et al., 2020; Luo, et al., 2022; Zhang, et al., 2021). The wide application of drones in society
has significantly improved production efficiency and also considerably reduced the consumption of
human, material, and financial resources. Drones are becoming increasingly important in today’s
society (Luo, et al., 2022).

Currently, deep learning-based (Sayour, et al., 2022; Kadry, et al., 2021) object detection
algorithms can maintain high detection performance. For common scenes, such as those with a
relatively single background, a small number of targets, a large target size, and a horizontal image
shooting perspective, classical object detection algorithms can maintain high detection accuracy
while ensuring detection speed (Fu, et al., 2021; Kim, et al., 2008; Betti., 2022). Aerial imagery
is divided into satellite imagery captured by satellites and UAV imagery captured using UAVs;
aerial imagery captured by satellites is characterized by large size, fixed shooting angle, and a
small percentage of targets in the image (Huang. et al.,; Zhong, et al., 2017; Han, et al., 2019; Cao,
et al., 2020; Elhagry, et al., 2022).

UAYV images are more complex and richer because of the limitations of the shooting equipment,
environment, and other factors. Compared with satellite images, UAV images are more widely used
in civil and military fields, thus, exploring the potential information of UAV images is important for
in-depth applications of UAVs in various fields (Zhang, et al., 2020; Dikbayir., & BULBUL., 2020;
Chen, et al., 2020). The application of UAVs in the civilian sector is relatively established, with the
following specific application scenarios:

1. Application of UAVs to environmental management: Drones can be equipped with infrared
cameras with night vision shooting, and the drones use the characteristics of strong mobility and
a wide shooting field of view to monitor the target area of haze around the clock. Environmental
governance personnel can quickly locate the source of pollution according to the images captured
by drones to eliminate pollution (Chen, et al., 2022).

2. Application of drones in electric power inspection: When drones inspect power lines, they use
the positioning equipment onboard and combine it with target detection technology to quickly
report potentially dangerous areas to maintenance personnel, who can quickly overhaul the power
lines according to the alarm location to minimize the probability of damage to the power lines
(Tian, et al., 2020; Xu., & Wu., 2020; Divya, 2019; Zou., & Shi., 2017).

3. Application of drones to agriculture: With the continuous expansion of the agricultural planting
scale, today’s agricultural development has entered an era of intelligent agriculture. The common
application scenarios of drones in agriculture are as follows: drones replace traditional machines
to spray pesticides on large crops; for certain crops prone to pests and diseases, drones can be
combined with biological monitoring technology to monitor the crop-growing area and achieve
early warnings of large-scale agricultural pests and diseases (Wang, et al., 2018; Yang, et al.,
2021; Zhao, et al., 2021; Estalayo, et al., 2006).

4. Application of UAVs during major disasters: In the event of a sudden earthquake, the
communication system in the disaster area is suddenly paralyzed, and drones can carry relevant
communication equipment to fly to the center of the disaster area and provide emergency
communication capabilities. In the event of a forest fire, drones can monitor the fire in close
proximity in the shortest possible time, find trapped people in time, and then send a distress
signal to the control center to help firefighters quickly locate and extinguish the fire.

5. Application of drones in crime prevention: In a complex urban environment, drones can use
their characteristics of not being bound by space to track and monitor certain criminals in real-time
and provide relevant information to public security personnel in a timely manner. Drones play
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an important role in the military. At the national border, drones can replace the army to conduct
all-weather patrols and monitor illegal border crossing and smuggling of foreign personnel; in
the context of modern electronic warfare, stealth drones can effectively avoid enemy interception
and perform the task of close surveillance or attack; near important military bases, drones can
carry infrared cameras to perform real-time vigilance tasks to prevent enemy sneak attacks.

In summary, UAVs play an irreplaceable role in modern society (Chen., & Liu., 2017; Ouyang.,
& Wang., 2019). One of the main reasons UAVs are widely used in both civilian and military fields is
that UAVs carry shooting equipment that can provide timely and information-rich images, which can
be processed using computer vision-related technologies such as target detection and target tracking
to obtain more accurate potential information. In the future, UAV technology and computer vision
will remain the focus of research scholars and industry, and the interaction of the two technologies
will not only continue to deepen the application of UAVs in existing fields but also lead to new
application directions for UAVs (Huang, et al., 2023).

However, current methods in the field of aerial image target detection still face several challenges,
especially when dealing with issues such as complex backgrounds, dense target distributions, and
large-scale variations. Challenges include poor robustness against background interference, difficulty
accurately modeling dense or differently scaled targets, and more. Compared to satellite imagery,
UAYV images have a wider range of applications in both civilian and military fields. Therefore, it is
crucial to explore the potential information within UAV images for the extensive utilization of drones
in various domains. In order to effectively improve the performance of aerial image-target detection, a
target detection method based on dense RFB Feature Enhance (RFB-FE) and channel-global attention
mechanism (CGAM) is proposed (called dense RFB-FE-CGAM). This approach integrates advanced
techniques such as shallow feature enhancement, global attention mechanisms (Chopra, et al., 2022),
and focal loss functions to effectively address the complexity challenges in the field of unmanned aerial
vehicle image target detection. By introducing a shallow feature enhancement module, it enhances
the ability to handle complex backgrounds. The adoption of a global attention mechanism strengthens
semantic feature extraction in scenarios with densely distributed targets. Additionally, joint training
and focal loss functions effectively handle large-scale differences. This comprehensive approach not
only improves the accuracy and robustness of UAV image target detection but also extends its wide
applicability across various domains.

In summary, the main contributions are as follows:

1. A shallow feature enhancement module was designed based on the single shot multibox
detector (SSD) network, this module enhances feature extraction capability by connecting
the outputs of different branches and utilizing feature multiplexing to link the output of the
previous branch with the input of the next branch, thereby enriching the scale and diversity
of the perceptual field.

2. The CGAM was designed by introducing the global attention module (GAM)), it utilizes dilated
convolution instead of pooling layer operations in SAM, effectively extracting deep semantic
information by reducing the loss of fine details during downsampling, and it can better capture
the relationship between targets and context through global attention.

3. The focal loss function was introduced for joint training, which will effectively avoid the positive
and negative sample imbalance problem, thereby improving the precision of target detection.

2. RELATED WORKS

With the enhancement and high-speed development of UAV remote sensing technology, collected
aerial images have the advantages of a large area, rich content, and undisturbed information acquisition,
and have gained widespread attention. As simple low-altitude flight tools, UAVs have achieved
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remarkable results in geological exploration, environmental investigation, victim detection, and other
fields, and their development prospects are immeasurable. Reference (Li, et al., 2019) proposed a
detection method for attention-feature pyramid networks using channel attention modules and dot
product attention modules. Reference (Chen, et al., 2021) proposed cascaded attentional networks to
suppress the background noise in a feature pyramid network from coarse to fine. Reference (Li, et
al., 2020) proposed a multi-layer attention network that combines positional attention and channel
attention; reference (Yang, et al., 2020) proposed a dual-path feature attention network to guide the
network to focus on the target region; reference (Zhu, et al., 2021) added the transformer model to
YOLOVS. However, the use of global attention in extremely large aerial images with distant target
information distributions can introduce interference information and redundant computations. In ref.
(Liu, et al., 2021), a swine transformer model was proposed, and the sliding window design enabled
the self-attentive-based transformer model to have linear computational complexity while retaining the
ability to extract global information, which is highly effective for intensive predictive tasks. However,
the sliding window is divided manually, which is limited by the need to redesign the window size
and retrain it when the feature map scale changes. Reference (Gawande, et al., 2022) used selective
search methods to reduce the time consumption of a sliding window brute-force search. Reference
(Abdullah, et al., 2022) used a chunking and cutting method to segment large images into small
images, performed subsequent detection and recognition on each small image separately, and finally
stitched all detection results. In ref. (Wu, et al., 2019), the sensitivity of convolutional neural network
feature extraction to angles was weakened by introducing rotation-invariant quantum modules, and
the effect of directional diversity on detection was mitigated; in ref. (Ying, et al., 2019), the size of
feature images was increased by introducing shallow and deep feature up-sampling; in ref. (Yang, et
al., 2020), an attention mechanism was introduced to weaken the background and enhance the target
information, and an additional mask calculation was introduced, which led to an increase in network
computation. Reference (Maesako., & Zhang., 2022) proposed an additive target-area masking method
(AVIS) to suppress the computational load.

Although deep learning has made significant progress in small target detection in remote sensing
images, there are still shortcomings. For example:

1. Given the inherent characteristics of remote sensing images, the multi-scale and diversity of
remote sensing image targets, especially for arbitrarily densely arranged small targets, existing
detection networks lack an effective combination of deep and shallow features, which can easily
overlook detailed information. Therefore, the feature extraction ability of detection networks
needs to be improved.

2. The background of remote sensing images is complex and easily affected by natural factors such
as lighting and clouds, resulting in an imbalance between positive and negative samples, which
will reduce the precision of target detection.

To solve these problems faced by existing aerial image target detection methods, based on the
SSD algorithm, a new target detection method using the dense RFB-FE and CGAM is proposed.
Specifically, the dense RFB-FE and CGAM were used to improve the shallow and deep level feature
extraction capabilities of the network, respectively, and the focus classification Loss function was
used to effectively solve the feature imbalance problem between positive and negative samples.

3. PROPOSED AERIAL IMAGE-TARGET DETECTION METHOD

3.1 Dense RFB-FE CGAM Model Architecture

The perception field size of the shallow feature layer of the SSD algorithm is 92 X 92, and considering
that the input image size is 800 x 800, the SSD algorithm can only establish connections among local
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feature points and cannot capture dependencies between features over longer distances, and the six
detection branches of the SSD algorithm are independent of each other, the features extracted from
each layer lack contextual information. This study improved the SSD algorithm, as shown in Figure
1. In this study, a multi-scale ship target detection algorithm based on dense RFB and CGAM is
proposed with the following main improvements: First, a dense RFB shallow feature enhancement
module (dense RFB-FE) is designed to enhance the shallow detail information of the network; second,
CGAM is designed to effectively extract the deep semantic information (Chu, et al., 2022); and third,
we the loss function is designed, and the focused classification loss function is added.

3.2 Channel Global Attention Mechanism

Remote sensing images are characterized by complex background information, an excessive presence
of small targets, and various target sizes. When performing multiple downsampling convolution
operations to extract feature information, small targets occupy fewer pixels, and repeated iterations
of the background generate redundant information. Therefore, this study improved the convolutional
block attention module (CBAM). The original CBAM module is a combination of the channel attention
module (CAM) and spatial attention module (SAM). However, because of the limited coverage of
the perceptual field, the pooling operation causes insufficient extraction of target feature information
from the deep feature map, particularly for small targets, when the backbone network extracts feature
information after multiple downsampling operations. With the proposed cavity convolution, the
ordinary 3 X 3 convolution can only cover an area of nine with the same number of parameters,
whereas the cavity convolution can cover an area of 25 or more based on a 3 X 3 convolution, which
can be equivalent to 5 X 5,7 X 7, etc. As the cavity rate increases, the difficulty in recovering detailed
information during the upsampling process decreases. In addition, because the remote sensing image
contains complex background information when the backbone network continuously downsamples
to extract feature information, the background information generates redundant information owing to
repeated iterations. This redundant information interferes with the focus-of-attention mechanism in
the depth feature map, leading to false or incorrect detections. By contrast, Baudes’ nonlocal mean
method is different from traditional denoising methods that use local information to filter images
and can effectively suppress the noise present in the image. Based on the aforementioned analysis, a
CGAM based on CBAM is designed by introducing a global attention module (GAM), which uses
hole convolution instead of the pooling layer operations in SAM. In this study, we used a hole rate
similar to the sawtooth waveform and set the hole rate d as 1, 2, and 3, enabling the convolution kernel
to cover a larger area under the same parameters. This study changed the connection order between
modules and utilized contextual information to establish global dependencies between channels and
each pixel in the global feature map to suppress redundant information interference.

Figure 2 shows the CGAM structure, Figure 3 shows the CAM structure, and Figure 4 shows
the GAM structure. The two one-dimensional vectors obtained after pooling were shared using a
multilayer perceptron (MLP) network. To reduce the computational effort and model parameters, a

Figure 1. Structure of ship target detection network
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Figure 2. CGAM structure
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1x1 convolution was used instead of a fully connected layer, and the number of channels was first
reduced by a 1X1 convolution, accelerated by a ReLLU activation function, and then restored by a 1x1
convolution. The output results were summed in the channel dimensions and normalized to 0-1 using
the sigmoid activation function to obtain a channel attention weight Zc of size 1x1xC.
Specifically, CGAM introduces a Global Attention Module, whose task is to capture global
contextual information within the image. It achieves this by utilizing dilated convolution, which
expands the receptive field to better understand the overall structure and relationships within the
image. The dilation introduces holes in the convolution kernel, allowing it to cover more pixels and
thus better capture target features. Furthermore, by employing the GAM and dilated convolution,
CGAM establishes global dependencies, meaning it can better comprehend the relationships between
different regions in the image. This aids in capturing semantic information within the image effectively.
In summary, CGAM serves to enhance the feature extraction capabilities of the backbone network,
especially during multiple downsampling convolution operations, particularly when dealing with
small targets and complex backgrounds. It achieves this by expanding the receptive field, introducing
global contextual information, and optimizing convolution operations. This improvement contributes



International Journal on Semantic Web and Information Systems
Volume 19 « Issue 1

to enhancing the performance of computer vision tasks such as target detection and classification,
especially when dealing with images containing complex structures and targets of varying sizes.

3.3 Dense RFB-FE Module

In this study, the dense RFB-FE module was designed with the idea of a dense connection, which
connects the output of each branch with the input of the next branch through feature multiplexing to
extract target features, enrich the scale variety of the sensory field, further increase the sensory field,
and adapt to feature extraction and effective detection of multi-scale targets. As shown in Figure 5,
the detection branch of 19 x 19 x 1024, for example, is no longer limited to increasing the number
of branches, expansion rate, and convolution kernel by the dense RFB-FE module. The output of the
first branch is connected to the second input as 19 X 19 X 256 + 1024 through feature multiplexing,
and the outputs of both the first and second branches are added to the third branch as 19 X 19 X 256
+ 1024 + 256. In other words, the output feature map of the previous branch is convolved by the null
in the subsequent branch, which further expands the perceptual field and enhances detailed feature
extraction and localization.

Each layer of this module applies densely connected Receptive Field Blocks, enhancing the
network’s capability to extract richer features. This module aids in capturing both local and global
background information in aerial images, helping the network learn more discriminative features,
which is crucial for accurate target detection. Furthermore, through improved feature extraction, it
enhances the overall detection accuracy of the method, enabling the network to accurately locate and
classify targets in aerial images. Additionally, the dense RFB-FE module addresses robustness against
scale variations and complex backgrounds by capturing multiscale patterns, allowing the network to
effectively capture contextual information to handle scale changes and improve detection performance.

3.4 Loss Function Design

For the classification task, the focal loss function was used:
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where, 2, denotes the probability that the category is background and correct, and the loss function

hyperparameters are , € [0, 1]and v € [0, 5]. In this study, the focus classification Loss function
was designed. In the other words, we empirically adopted v =2, and the model focused on negative
samples for training, which effectively solved the positive and negative sample imbalance problem,
thereby improving the detection precision.

The primary reason for using the focal loss function is to address the imbalance between positive
and negative samples in aerial image target detection. This loss function focuses on challenging
samples, mitigates the disparity in the number of positive and negative samples, and enhances the
model’s robustness, thereby effectively improving target detection performance, especially in scenarios
where positive samples are relatively scarce but of greater significance.

The regression task used the Smooth L1 function, where, [ and g contained the four elements

of the object position ( 947,47, g}f) :

N

L, (z,1,9)=— Z mijsmOOthLl(lz’" -3") )

i€l e{cr,cy,wh}

0.52° if (|z|<1
smooth, (z) = /lz] )
& | x| —0.5 otherwise

3

4. EXPERIMENT AND ANALYSIS

4.1 Experimental Environment

The experimental conditions are listed in Table 1.

4.2 Dataset and Details

The DOTA dataset (Xia, et al., 2018) has 2806 aerial images containing different scene sizes
with resolutions ranging from 800 x 800 to 4000 x 4000, including 188282 instances in 15
categories. The labeling method is a quadrilateral of arbitrary shape and orientation determined
by four points and can be applied to the detection tasks of a horizontal bracket box and an
oriented bracket box.

HRSC2016 (Liu, et al., 2017) is a large dataset collected for ship detection, and it was extracted
from six important ports on Google Earth. The training, validation, and test sets comprised 436, 181,
and 444 images, respectively.

Table 1. Experimental platform settings

Experimental Environment Specific Information
Operating system Ubuntul8.06
Memory 64GB
Language Python3.8
Development tool PyCharm
GPU GTX2080Ti
Development platform Tensorflowl.8.0
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In the experiments, the initial anchor scales were set to 2, and the aspect ratio was set to 1.
The strides were set to 8, 16, 32, 64, and 128, respectively. In the loss function, the weights for
different loss components were all set to 1. We utilized the Adam optimizer for network training

with an initial learning rate of 2.5x10°°, and it was decreased by a factor of 10 at each decay step.
The batch size was set to 2. We employed a warm-up strategy with 3 epochs for network pre-training,
with a learning rate of 1x10° . For the DOTA dataset, the training lasted for 30 epochs, and random
flips were applied for data augmentation. For the HRSC2016 dataset, the training consisted of 20
epochs without any data augmentation. In this case, only the first category, which is all objects
treated as ships, was considered.

4.3 Evaluation Indexes

In this study, we adopted AP as the accuracy evaluation index of the model detection target. The
index is calculated as follows:

TP

p——- 4)
TP + FP
pe_ 1P (5)
TP+FN
1
AP = fo PRAR (6)

TP denotes the number of correctly identified targets; FP denotes the number of incorrectly
identified targets; and FN denotes the number of unidentified targets.

4.4 Comparison Experiments
4.4.1 Comparison of Different Algorithms on DOTA and HRSC2016 Datasets

To demonstrate the target detection capability of the proposed method, the proposed method was
compared with that of YOLOv2 (Chen, et al., 2020), Faster RCNN (Elhagry, et al., 2022), TPH-
YOLOVS (Zhu, et al., 2021), MFIAR-Net (Yang, et al., 2020) and AVIS (Maesako., & Zhang., 2022),
and the image pixel size was set to 800 X 800 for fairness reasons. The comparison results of all
methods on the DOTA dataset are listed in Table 2, and Table 3 lists the comparative experimental
results of all methods on the HRSC2016 dataset. Among these six models, the proposed Dense
RFB-FE-CGAM outperformed the YOLOv2, Faster RCNN, TPH-YOLOvS, MFIAR-Net and AVIS
methods in the aerial image target detection task.

On the DOTA dataset, this method achieved a mAP of 0.755. DOTA is a widely recognized
dataset for aerial image target detection, encompassing various object categories and a range of object
sizes. Attaining a high mAP indicates that this method can accurately detect and locate objects of
different categories while handling scale variations. These results demonstrate the competitiveness
of this approach in aerial image target detection and underscore its capability to perform well in
complex scenarios.

On the HRSC2016 dataset, this method demonstrates impressive recall and precision rates.
HRSC2016 is a dataset specifically focused on large ship targets, which often exhibit complex shapes
and textures. By achieving high recall and precision rates, this method validates its effectiveness in
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Table 2. Comparison of the experimental results on the DOTA dataset

Method PL BR HA GTF Sv LV RA SP
YOLOv2 0.835 0.483 0.446 0.567 0.702 0.802 0.623 0.733
Faster RCNN 0.862 0.528 0.517 0.657 0.837 0.859 0.652 0.755
TPH-YOLOVS 0.814 0.501 0.508 0.653 0.846 0.782 0.633 0.702
MFIAR-Net 0.865 0.528 0.482 0.612 0.732 0.754 0.612 0.688
AVIS 0.855 0.529 0.511 0.693 0.766 0.792 0.627 0.746
Dense RFB-FE-CGAM (ours) 0.871 0.502 0.523 0.683 0.809 0.838 0.685 0.736

Method SH SBF TC BC ST BD HC mAP
YOLOv2 0.817 0.535 0.824 0.778 0.828 0.818 0.588 0.692
Faster RCNN 0.835 0.602 0.836 0.829 0.856 0.849 0.612 0.739
TPH-YOLOVS 0.842 0.597 0.902 0.812 0.837 0.828 0.623 0.725
MFIAR-Net 0.793 0.578 0.841 0.788 0.808 0.799 0.653 0.702
AVIS 0.882 0.639 0.897 0.828 0.869 0.836 0.679 0.743
Dense RFB-FE-CGAM (ours) 0.891 0.618 0.910 0.881 0.876 0.851 0.651 0.755

Table 3. Comparison of the experimental results on the HRSC2016 dataset

Method Recall AP
YOLOV2 0.817 0.822
Faster RCNN 0.873 0.881
TPH-YOLOVS5 0.847 0.872
MFIAR-Net 0.851 0.864
AVIS 0.878 0.893
Dense RFB-FE-CGAM (ours) 0.889 0.906

detecting and locating challenging ship targets. This is of significant importance for applications such
as maritime border surveillance and maritime security.

Figures 6 and 7 provide a visual representation of the results obtained through our proposed
method applied to two datasets: DOTA and HRSC2016. Our method employs a strategically designed
shallow feature enhancement module based on the SSD network. This module utilizes dense RFB
feature multiplexing and inflated convolution techniques to amplify the scale and diversity of the
perceptual fields, aligning them more closely with the human eye’s viewpoint map. This enhancement
significantly bolsters the shallow network’s proficiency in extracting intricate and detailed features.

Furthermore, we introduce a Channel-Global Attention Mechanism (CGAM) to our method,
which substitutes null convolution for the pooling layer operation seen in SAM. This substitution
mitigates the loss of fine-grained information during the downsampling process and augments the
network’s backbone feature extraction capability. Consequently, these enhancements contribute to
superior detection performance.

Specifically, the Dense RFB-FE-CGAM method achieves deep feature extraction and multiscale
target adaptability by introducing the CGAM structure and Dense RFB-FE module. Experimental
results indicate that, compared to other methods, this approach yields superior performance in target
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Figure 6. Visualization results of Dense RFB-FE-CGAM on the DOTA dataset
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detection. These findings are of significant importance for further refining aerial image target detection
methods and enhancing detection accuracy. Additionally, they provide valuable guidance and reference
for future researchers in the field of aerial image analysis. Furthermore, with fewer parameters and
faster inference speed, it further demonstrates the superiority of the Dense RFB-FE-CGAM model.

Furthermore, as shown in Table 4, our method demonstrates excellent performance in terms
of computational resources and speed. Firstly, we utilize the Single Shot MultiBox Detector (SSD)
network as the underlying model, which offers high computational efficiency. Secondly, we incorporate
the Channel-Global Attention Mechanism (CGAM) and the Dense RFB-FE (Feature Enhancement)
module, both of which are carefully designed and optimized to enhance feature extraction capabilities
and detection performance. Compared to other methods, our approach delivers superior detection
accuracy and faster processing speeds. By conducting experiments under the same hardware and
environmental conditions for comparison, our method outperforms in both precision and speed in
target detection. However, it’s worth noting that specific performance may vary depending on factors
such as hardware configuration, experimental environment, and dataset used.

4.4.2 Ablation Experiments

To verify the effectiveness of the proposed method for aerial image target detection, the corresponding
ablation experiments were designed using the control variable method.

1
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Figure 7. Visualization results of dense RFB-FE-CGAM on the HRSC2016 dataset
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Table 4. Comparison of speed performance of the proposed and existing models

Method FLOPS (G) Inference time (s) Params (M)
YOLOv2 124.6 0.05 54.26
Faster RCNN 215.6 0.028 41.15
TPH-YOLOVS 50.4 0.02 7.3
MFIAR-Net 107.3 0.024 39.71
AVIS 152.1 0.016 69.76
Dense RFB-FE-CGAM (ours) 179.7 0.014 23.16

Experiment I: RFB-FE method
Experiment II: Dense RFB-FE method

Experiment III: Dense RFB-FE-CBAM method
Experiment IV: Dense RFB-FE-CGAM (Without Focused Loss)

Experiment V: Dense RFB-FE-CGAM
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In the conducted ablation experiments, we conduct a thorough comparison between our proposed
Dense RFB-FE-CGAM model and the baseline stem network, and we have presented the results in
Tables 5 and 6. It’s noteworthy that the performance metrics of our proposed Dense RFB-FE-CGAM
outperformed those of the base-stem network across both the DOTA dataset and the HRSC2016
dataset. This notable improvement can be attributed to several key factors inherent to our Dense
RFB-FE-CGAM approach.

Firstly, our Dense RFB-FE-CGAM method incorporates a strategically designed shallow
feature enhancement module, leveraging the strengths of the SSD network architecture. This module
efficiently exploits dense RFB feature multiplexing and expanded convolution techniques, significantly
augmenting the scale and diversity of the perceptual field, thereby aligning it more closely with the
human eye’s viewpoint map. This enhances perceptual field boosts the shallow network’s capacity
to extract intricate and informative features from the input data.

Furthermore, our approach introduces the innovative Channel-Global Attention Mechanism (CGAM),
a global attention module. This module plays a crucial role in enhancing semantic feature extraction within
the backbone networks, contributing significantly to improved target detection performance.

In addition to these innovations, we have integrated a focal loss function into our model’s joint
training process, effectively addressing the challenge of sample imbalance. This addition ensures that
our model can focus more on critical samples, ultimately leading to improved performance.

Importantly, our experiments also include a comparison with an alternative scenario where the
focusing classification loss function was not utilized. This comparison clearly demonstrated that our
proposed Dense RFB-FE-CGAM model consistently achieves superior results, thus validating the
effectiveness of the focusing classification loss function as an essential component of our approach.

5. CONCLUSION

This study proposes an aerial image target detection method based on dense RFB-FE and CGAM for
the characteristics of a complex background, dense target distribution, and large-scale differences

Table 5. Results of ablation experiments on the DOTA dataset

Method Recall mAP
RFB-FE 0.747 0.734
Dense RFB-FE 0.751 0.743
Dense RFB-FE-CBAM 0.755 0.748
Dense RFB-FE-CGAM (Without Focused Loss) 0.760 0.751
Dense RFB-FE-CGAM (ours) 0.768 0.755

Table 6. Results of ablation experiments on the HRSC2016 dataset

Method Recall AP
RFB-FE 0.825 0.813
Dense RFB-FE 0.851 0.862
Dense RFB-FE-CBAM 0.875 0.890
Dense RFB-FE-CGAM (Without Focused Loss) 0.881 0.898
Dense RFB-FE-CGAM (ours) 0.889 0.906
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in aerial images. The proposed method designs a shallow feature enhancement module based on an
SSD network and a CGAM, using hole convolution instead of a pooling layer operation in the SAM
to reduce the loss of detailed information during downsampling and introduce a focal loss function
for joint training. The experiments demonstrated the effectiveness of the proposed method for aerial
image target detection. And there is potential for expansion into other areas, such as agricultural field
detection and management, among others.

However, the proposed model also has some limitations:

Aerial scenes have the characteristics of a small percentage of the target pixel area and a relatively
scattered and sparse distribution, which reduces the detection precision of small targets. Without
increasing the computing cost, the subsequent algorithm can use a cascade structure combining
coarse detection and fine detection, and the detection precision will be tried to improve through
parameter optimization and other methods.

While pursuing high model accuracy, ensuring the feasibility and performance control of the
model in practical applications is of paramount importance. In our future work, we will propose
the following strategies, including selecting appropriate model architectures, transfer learning,
model pruning and quantization, model compression, edge computing platform selection, model
lightweighting, model optimization, as well as system design and performance monitoring. These
are all key steps contributing to achieving efficient, practical, and controllable drone applications.
These considerations will have a significant impact on future research and real-world applications.
We took into consideration both model accuracy and parameter count when deciding to reduce
the complexity of the model without significantly affecting accuracy. Specifically, we made each
branch of the model handle its processing independently. However, this independence among
branches can lead to a lack of contextual information between layers. As for how to capture
comprehensive global context information, we will further investigate this in our future work.

Our future research directions include improving small target detection precision through a cascade

structure, optimizing model feasibility and performance for practical applications, and exploring
methods to capture comprehensive global context information within the model.
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