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Abstract: Object detection plays a crucial role in remote sensing by enabling automated information
extraction and supporting downstream decision-making. However, remote sensing images often
exhibit complex backgrounds and significant scale variations, leading to degraded detection perfor-
mance. To address these challenges, we propose MA-YOLO, an enhanced variant of YOLOv7 designed
for robust object detection in remote sensing imagery. First, we introduce the dilated convolution layer
aggregation network (DELAN-1), which integrates MobileViTv3 and dilated convolution to effectively
balance global and local feature extraction while reducing computational overhead. This improves
semantic representation in complex backgrounds and across diverse object scales. Second, we propose
the cross-layer feature fusion module (CFFM), which enhances information flow between the backbone
and neck networks by fusing shallow positional information with deep semantic features, mitigating
contextual information loss. Finally, we incorporate the multi-angle pooling attention module (MAPA)
in the neck network, leveraging multi-angle pooling and Transformer-based attention to capture target
features from multiple directions, improving feature extraction robustness and multi-scale detection
performance. Extensive experiments on NWPU VHR-10, VisDrone2019, and RSOD datasets demon-
strate the effectiveness and robustness of MA-YOLO. Specifically, on NWPU VHR-10, MA-YOLO
achieves a 1.1% improvement in m AP 5 and a 0.9% increase in mAP; 5.0.95 over YOLOvV?, highlighting
its superior capability in handling complex backgrounds and multi-scale object detection.

Keywords: multi-scale object detection; remote sensing images; attention mechanism; multiangle
pooling

1. Introduction

With the rapid advancement of remote sensing technology, remote sensing imagery [1-5] has
become essential in military reconnaissance, disaster detection, ecological monitoring, and various
other applications . Accurate object detection in remote sensing images allows effective identification
and localization of critical targets such as vehicles, ships, and individuals, significantly enhancing
decision-making processes [6-8]. Despite substantial progress, object detection in remote sensing
imagery still faces numerous challenges, including complex backgrounds, significant scale variations,
limited resolution, and unclear object features, all of which reduce detection accuracy [9-11].

In recent years, deep learning methods, particularly convolutional neural networks (CNN), have
demonstrated significant potential in remote sensing object detection [12—-14]. CNN-based object
detection algorithms are generally categorized into two-stage and one-stage methods. Representa-
tive two-stage methods include Faster R-CNN [15-17] and Mask R-CNN-based approaches [18,19].
These algorithms first generate candidate regions and then perform detailed feature extraction and
classification. While these methods offer high accuracy, their dependence on two-step processes
results in increased computational costs, limiting their application in real-time detection scenarios
[20]. Moreover, the anchor-based design of two-stage detectors often requires careful hyperparameter
tuning, which may not generalize well across different remote sensing datasets. In addition, their
performance degrades when detecting small or densely packed objects, which are prevalent in complex
aerial or satellite imagery.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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In contrast, one-stage detection methods, such as You Only Look Once (YOLO) [21], Single
Shot MultiBox Detector (SSD) [22], CenterNet [23], and EfficientDet [24], directly predict bounding
boxes and categories from images in a single forward pass, significantly improving computational
efficiency [25]. Among these, the YOLO series has achieved widespread adoption due to its superior
balance between speed and accuracy [26,27]. Recent advancements have further improved YOLO'’s
detection capabilities, particularly in handling dense small objects and complex backgrounds [28-30].
However, there remains room for improvement regarding multi-scale object detection performance
and contextual information preservation. Specifically, remote sensing images often contain objects with
extreme scale variations and background clutter, posing significant challenges to existing one-stage
models. Therefore, designing more effective feature fusion mechanisms and multi-scale representation
strategies remains an active research direction in the field.

To address the above issues, this paper proposes an enhanced YOLOv7-based detection framework
called MA-YOLO, specifically designed for robust object detection in complex remote sensing scenarios.
We introduce three novel modules into YOLOv7: the Dilated Efficient Layer Aggregation Network
(DELAN-1), the Cross-layer Feature Fusion Module (CFFM), and the Multi-Angle Pooling Attention
Module (MAPA). The DELAN-1 module integrates the Dilated Mobile Vision Transformer version
3 (DMobileViTv3) to effectively capture both global and local semantic features. The CFFM module
further bridges shallow positional features with deeper semantic information, enhancing contextual
preservation and cross-layer representation capability. The MAPA module, incorporating multi-angle
pooling with transformer attention mechanisms, ensures robust feature extraction from multiple spatial
directions, improving multi-scale detection performance.

In summary, our main contributions are as follows:

*  We propose the DELAN-1 module, integrating DMobileViTv3, which effectively captures multi-
scale semantic information through a combination of MobileViTv3 and dilated convolution
operations.

*  We develop the CFFM module, facilitating the fusion of shallow positional information and deep
semantic features, enhancing cross-layer information flow and context preservation.

¢ We design the MAPA module, utilizing multi-angle pooling combined with a lightweight trans-
former structure to robustly extract object features from diverse directions, significantly improving
detection accuracy.

e  Extensive experiments conducted on benchmark datasets NWPU VHR-10, VisDrone, and RSOD
demonstrate that our proposed MA-YOLO method achieves superior detection accuracy, effec-
tively addressing challenges posed by complex backgrounds, scale variations, and multi-object
scenarios.
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Figure 1. Sample examples from the three datasets.

2. Related Work
2.1. Object Detection Based on YOLO

Object detection in remote sensing imagery [3] remains a formidable challenge due to complex
backgrounds, significant scale variations, and densely distributed targets. To overcome these obstacles,
researchers have developed a range of strategies, including multi-scale feature fusion, attention mecha-
nisms, advanced data augmentation techniques, and optimized loss functions [4]. These approaches
have significantly enhanced models’ capability to distinguish targets in diverse environments and
improved detection performance across multiple scales in complex remote sensing scenarios [5].

Among one-stage detection frameworks, the YOLO (You Only Look Once) series has gained
widespread recognition for its superior balance between detection accuracy and computational effi-
ciency. In particular, YOLOV7 emerges as one of the most advanced models in this series. It incorporates
MaxPool (MP) and Efficient Layer Aggregation Network (ELAN) modules in its backbone, substan-
tially improving feature extraction capabilities. Furthermore, its neck adopts a Path Aggregation
Feature Pyramid Network (PAFPN) to facilitate effective multi-scale feature fusion, while the detection
head integrates Re-parameterization (REP) blocks to accelerate bounding box predictions. However,
despite these advancements, YOLOv7 and similar models still encounter challenges when processing
complex backgrounds and detecting multi-scale targets commonly present in remote sensing imagery.
The fixed receptive field and limited contextual modeling hinder the model’s sensitivity to small or
densely packed objects, particularly in cluttered scenes. Additionally, the high computational cost of
deeper networks imposes constraints on their deployment in resource-limited environments.
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To address these limitations, recent studies in generative modeling offer valuable insights. Cross-
modal conditioning and hierarchical feature fusion mechanisms have shown great potential in enhanc-
ing contextual understanding. For example, the IMAGPose framework [31] introduces cross-view
attention and multi-level conditioning strategies to improve pose-guided person generation, providing
inspiration for better contextual aggregation. Similarly, IMAGDressing-v1 [32] employs customizable
conditioning strategies to adaptively control generation outputs, which motivates adaptive feature
modulation in detection tasks. Moreover, progressive conditional diffusion models [33] demonstrate
that iterative refinement of feature representations can significantly enhance fine-grained details in
image generation.

Motivated by these advancements, our work integrates advanced attention mechanisms and
hierarchical feature fusion modules to enhance remote sensing object detection. By drawing inspira-
tion from generative frameworks, we aim to improve the model’s ability to capture rich contextual
information, strengthen multi-scale feature representations, and boost detection performance under
complex scenarios.

2.2. Attention Mechanism

The attention mechanism has become a pivotal component in deep learning models, offering the
ability to selectively focus on salient regions while suppressing irrelevant background noise [3]. By
computing adaptive weights for input features, attention modules enhance feature representation,
enabling models to capture more discriminative information, particularly beneficial for detecting small
or occluded objects [5].

Various attention-based methods have been proposed to improve detection accuracy. For instance,
the Recurrent Attention Model (RAM) [34] incorporates attention into recurrent networks, dynamically
selecting important regions to boost detection performance. The Squeeze-and-Excitation Network
(SENet) [35] introduces channel-wise attention, adaptively recalibrating feature responses to improve
representation learning. Efficient Channel Attention (ECANet) [36] further simplifies channel attention
computation by employing 1D convolutions, striking a balance between accuracy and efficiency.
Additionally, the Cross Transformer Attention Module (CTAM) [37] combines convolutional and
transformer-based attention to better capture both local details and global context. Transformer
architectures, built upon self-attention mechanisms, excel at modeling long-range dependencies and
capturing complex feature interactions. However, the quadratic computational complexity of self-
attention with respect to input size poses scalability challenges in high-resolution remote sensing
images.

To overcome these limitations, we propose the Multi-Angle Pooling Attention (MAPA) module,
which integrates multi-angle pooling operations with a lightweight transformer design. This module
enables the model to extract complementary features from multiple perspectives, effectively capturing
both local textures and global semantic cues. By enhancing directional feature learning and reducing
redundant computation, MAPA significantly improves the model’s ability to understand complex
scenes and detect objects more accurately.

3. Materials and Methods

To address the challenges of cluttered backgrounds and target variations in remote sensing images,
we propose the MA-YOLO network model, as shown in Figure 2.
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Figure 2. MA-YOLO block.

The MA-YOLO model is mainly composed of MP, SPPCSPC, as well as the newly introduced
DEAN-1, CFFM, and MAPA modules. The DELAN-1 module is constituted by the DMobileViTv3
module and standard convolution. It can effectively extract fine-grained and coarse-grained infor-
mation, thereby enhancing the learning ability of the network. The CFFM mechanism strengthens
the model’s cross-layer learning ability by integrating the features of the backbone network into the
deep feature fusion path of the network neck. In addition, the MAPA module combines multi-angle
pooling and the Transformer, extracting network features from multiple angles and improving the
feature representation ability of the targets.

3.1. DELAN Block

In YOLOV?, the ELAN-1 module captures rich gradient information by controlling the long
and short paths. However, in this module, local spatial context information is captured through 3x3
convolutions, which fails to effectively capture global features, resulting in a decline in the network’s
ability to learn complex features. To solve this problem, we attempt to replace the 3x3 convolution
kernel with that of MobileViTv3[38] and redesign it to propose the DMobileViTv3 module. The
Transformer module in MobileViTv3 uses the self-attention mechanism, which has high requirements
for computing resources. Moreover, this module relies on global context information, which may lead
to the loss of fine-grained information. To address these issues, we use Dilated Convolution to replace
the Transformer module and substitute the depthwise separable convolution with a 3x3 convolution.
As shown in Figure 3, the DMobileViTv3 module can capture global information with low computing
resources, improving the network’s ability to extract complex features.
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Figure 3. DMobileViTv3 block.

In the DMobileViTv3 module, first, 3x3 convolutions and 1x1 convolutions are used to capture
local feature information. Subsequently, Dilated Convolution is employed to capture global feature
information. Second, the feature map after capturing global feature information and the feature map
after capturing local feature information are concatenated channel-wise, and the channel dimension
is reduced through a 1x1 convolution. Finally, the concatenated feature map is summed with the
input feature map through a residual structure to obtain the output feature map. As shown in Figure
4, replacing the first 3x3 convolution in the DELAN-1 module with the DMobileViTv3 is helpful for
the extraction and fusion of global and local information features, improving the model’s feature
extraction ability in complex environments.
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Figure 4. The DELAN-1 module is in the backbone network.

3.2. Semantic and Detail Enhanced Feature Pyramid

In the original YOLOV7 network neck module, the Path Aggregation Network (PAN) and the
Feature Pyramid Network (FPN) are used for multi-scale feature fusion, effectively shortening the
fusion path of deep semantic information and shallow location information. First, in the PAN-FPN
network, a top-down upsampling method is adopted to achieve the fusion of features at different scales,
so that the features at the bottom layer contain rich semantic information. Subsequently, a bottom-up
downsampling method is used for feature fusion, further improving the feature representation ability
of the network. However, fusing different features through upsampling and downsampling methods
will cause the loss of some fine-grained information and reduce the accuracy of target detection.
Therefore, in order to improve the network’s target detection ability in complex backgrounds and
at different scales and shorten the information transmission path, we propose the CFFM network
structure.
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First, we introduce the CBS module between the backbone network and the neck. Through this
module, the output feature map of the backbone network and the feature map of the neck are unified
in size, facilitating subsequent feature fusion. Second, the feature map of the backbone network and
the features of the neck are summed, and the summed feature map is passed through a global average
pooling layer and a linear layer and then through a Sigmoid function to obtain the feature weight. The
obtained weight feature is multiplied by the summed feature map. Subsequently, to prevent gradient
vanishing, we add a residual structure and concatenate the multiplied feature map with the feature
map of the neck. Finally, the features obtained by fusing the backbone network and the neck are
concatenated to obtain the output feature map, and its structure is shown in Figure 5.
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Figure 5. CFFM block.

In the figure, Xj, X», and X3 respectively represent the input feature of the backbone network,
the output feature map in the top-down process of the neck network, and the output feature of the
previous layer network. Through this module, the fusion of the location information in the backbone
network and the semantic information of the deep feature map is strengthened, the fusion path of the
shallow features and the deep features is shortened, and the representation ability of the multi-scale
features is improved.

3.3. MAPA Attention Mechanism

In remote sensing images, the small size of the targets and the complex background pose a rather
significant challenge to the accurate recognition of the targets. To solve this problem, researchers have
proposed many attention mechanisms. The attention mechanisms proposed by previous researchers
have addressed the limitations of feature redundancy and the inability to focus on important areas that
occur when only using convolutional model networks [39]. By introducing an attention mechanism,
the model can better understand the importance of different areas for target detection. In order to
improve the accuracy of target detection, optimize the number of parameters of the attention model,
enhance the feature representation ability, and avoid excessive loss of information, we integrate the
self-attention mechanism and multi-angle pooling and propose a MAPM attention mechanism. It aims
to extract the feature information of the targets from different directions, avoiding the situation of
insufficient information in a single direction, and introduce it into the neck network of YOLOvV?7, as
shown in Figure 6.
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The MAPM attention mechanism mainly consists of two modules. First, multi-angle pooling
improves the feature extraction ability from different angles. Subsequently, the lightweight Transformer
module is used to capture global long-range dependencies to obtain the weight matrix of the feature
map, and the weight matrix is multiplied by the input feature map.

In the MAPM attention mechanism, multi-angle pooling is used, including four pooling methods:
the main diagonal global average pooling, the main diagonal global maximum pooling, the secondary
diagonal global average pooling, and the secondary diagonal global maximum pooling. Multi-
angle pooling can extract key features from different angles, improve the learning ability of the
model, and help capture global information. Suppose the input feature map is represented asX;, =
[X1, X2, X3,...,X] € RH *WxC where the X feature layer is represented as:

a1 412 o A
a1 dazxp - Ay

. 1)
ahl ahz e ahw HxW

Then the number of elements output by the multi-angle global pooling of the feature layer is
O=H+W-1. 2)
The elements output by the multi-angle global pooling of the feature layer are:
A1, Ao, Ay, Ap| € ROXC. 3

Main diagonal global average pooling and main diagonal global maximum pooling are to calculate
the mean and maximum values of the elements on the secondary diagonal of the X feature layer.
Secondary diagonal global average pooling and secondary diagonal global maximum pooling are to
calculate the mean and maximum values of the main diagonal elements of the X feature layer. The
computation methods are as follows:

m,1
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Here, A?,Ivg , AMax Ag‘vg and AY* respectively represent the outputs of the Xc feature layer after
main diagonal global average pooling, main diagonal global maximum pooling, secondary diagonal
global average pooling, and secondary diagonal global maximum pooling.

For the multi-angle pooling module, first, the input feature X;,, is subjected to main diagonal
global average pooling and main diagonal global maximum pooling, and the feature maps are summed
after obtaining them. Subsequently, the input feature Xj, is again subjected to secondary diagonal
global average pooling and secondary diagonal global maximum pooling, and the resulting feature
maps are summed. Finally, the results of the two summations are fed into the Transformer module.
The calculation process is expressed as:

XM = M_Avg(Xy) + M_Max(Xi,), (10)

X5 = S_Avg(Xin) + S_Max(X;,). (11)

Here, XM and X? respectively represent the outputs of main diagonal global pooling and secondary
diagonal global pooling. M_Avg(-)is the main diagonal global average pooling operation, M_Max(-)
is the main diagonal global maximum pooling operation, S_Avg(-) is the secondary diagonal global
average pooling operation, and S_Max(-) is is the secondary diagonal global maximum pooling
operation. The size of the feature output after multi-angle pooling is: X;, € RF+W-1)xC,

To capture the long-range dependencies between features, we introduce a lightweight Transformer
module, which is mainly composed of two parts: the Neighborhood Attention (NA) module and
the Multi-Layer Perceptron (MLP). Each part consists of LayerNorm and Dropout layers, which can
improve the stability of model training and prevent overfitting. The volume of the feature map after
multi-angle pooling becomes smaller, and feeding it into the lightweight Transformer module can
accelerate the calculation speed. The calculation process of the NA module is:

XM 4 = Dropout(NA(LN(XM)) + XM

m’

(12)

Xz‘Sn_NA = Dropout(NA(LN(an)) + Xf’n (13)
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Here, XM, , and X3 ~ a4 Tepresent the outputs of the main diagonal pooling and secondary diagonal
pooling after passing through the lightweight Transformer module, Dropout(-) is the dropout layer,
NA(+) is the neighborhood attention operation, and LN(-) is the layernorm layer.

The computational process for the Multi-Layer Perceptron (MLP) module is as follows:

xM = Dropout(MLP(LN(X{}f_N 1))+ X{‘,f_N A (14)

Xarp = Dropout(MLP(LN(X3, na)) + X5y na- (15)

Here, X}, », and X3, prepresent the outputs after passing through the forward feed layer and MLP(-)
is the forward feed layer operation.

The feature map output by the Transformer is processed through repeat to obtain a feature map
with the same size as Xin, and then they are concatenated. Subsequently, the dimension is reduced
through a convolution operation. Finally, it passes through a Sigmoid function to obtain the weight
feature, which is multiplied by Xj, to obtain the feature map. The computational process is as follows:

XMS = Conv(Cat(repeat( XA, p), repeat( Xz p))), (16)

Xout = mul (Sigmoid(XM5), X;,,). 17)

Here, Cat(-)is the channel concatenation operation, repeat(-) is the feature element replication,
and Cono(-) is the convolution operation.

4. Results

To validate the proposed MA-YOLO method’s superiority, it is compared with multiple state-of-
the-art MA-YOLO approaches on three large-scale datasets, namely, VisDrone2019, NWPU VHR-10,
and RSOD.

4.1. Datasets

The NWPU VHR-10 dataset comes from Northwestern Polytechnical University in China and
is often used in high-resolution remote sensing target detection scenarios. This dataset includes 10
different categories of objects: tank, aircraft, basketball court, baseball field, ship, vehicle, bridge, port,
sports field, and tennis court. We divide the NWPU VHR-10 dataset into a training set and a validation
set according to the ratio of 8:2.

The VisDrone2019 dataset contains remote sensing images captured from the perspective of
unmanned aerial vehicles (UAVs) and is widely used in the research of UAV target detection. The
VisDrone2019 dataset consists of 10,209 static images, covering 10 different categories, namely: tricycle,
van, bus, boxcar, truck, car, person, bicycle, pedestrian, and motor. According to the official website
download method, the VisDrone2019 dataset is divided into a training set of 6,471 images and a
validation set of 548 images.

The RSOD dataset is derived from the DIOR dataset and contains high-resolution satellite and
aerial images, which are commonly used for small target detection in remote sensing. The RSOD
dataset includes 20 different categories of targets, aiming to provide diverse sample targets from
different scenes and geographical locations, including aircraft, playground, tank, overpass, etc. We
divide the RSOD dataset into a training set and a validation set according to the ratio of 8:2.

4.2. Evaluation Metrics

Performance metrics in deep learning are indicators of model performance, aiding personnel in
optimizing and improving models. To quantitatively analyze model performance, we study metrics for
object detection including precision (P), recall (R), mean Average Precision (mAP), model parameters
(Params), and Giga Floating Point Operations Per Second (GFLOPs). Recall is the proportion of actual
positive samples correctly predicted as positive by the model. Precision is the proportion of correctly
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predicted sample labels among all predicted samples. AP represents the area under the P-R curve, with
AP values for each category being independent. mAP is the mean Average Precision for multi-class
object detection, evaluating the accuracy of object detection. Parameters can be used to assess model
complexity. We record the results as m APy 5 when the Intersection over Union (IOU) threshold is 0.5.
By varying the threshold from 0.5 to 0.95 with an increment of 0.05, we calculate the average of these
values to obtain mAP)s5.0.95

. TP
Precision = TP L EP’ (18)
TP
Recall = m, (19)
1
AP = / Precision(Recall)d(Recall). (20)
0

Here, TP represents True Positives,FP represents False Positives, andF Nrepresents False Negatives.

4.3. Implementation Details

Our experiments are based on PyTorch, using 2 NVIDIA GeForce RTX 3090 (24G video memory)
graphics cards. The experimental configuration environment is Python 3.8, Pytorch 2.0.0, and Cuda
11.8. The input sample size is 640x640. In the training stage, we use the SGD optimizer with an initial
learning rate of 0.01 and a momentum of 0.937. We set the batch size to 32 and the maximum number
of epochs to 300. The remaining hyperparameters are the same as the default settings of YOLOv?7.

4.4. Comparison with State-of-the-Art Methods

To verify the effectiveness and advantages of our improved algorithm based on YOLOv7, we
compare the improved MA-YOLO algorithm with state-of-the-art methods. We conduct comparative
analyses with advanced algorithms on the VisDrone2019, NWPU VHR-10, and RSOD datasets, using
the same hyperparameters and training strategies in the experiments.

4.4.1. Comparisons on NWPU VHR-10 Dataset

Table 1 shows the comparison results on the NWPU VHR-10 dataset. Compared with other
advanced algorithms, our MA-YOLO algorithm has the highest evaluation indicators. Its Precision (P),
Recall (R), mAPy5, and mAPy 5.0.95 are 93.6%, 90.7%, 94.5%, and 57.4% respectively. Compared with
the lightweight YOLOv10-n algorithm, our algorithm improves Precision (P), Recall (R), m AP, 5, and
mAPy 5095 by 6.0%, 14.8%, 9.5%, and 5.7% respectively. Compared with the YOLOv11-X algorithm
with a relatively large number of parameters, our algorithm improves Precision (P), Recall (R), mAPs,
and mAPy5.0.95 by 1.5%, 8.1%, 5.0%, and 0.6% respectively. The experimental results demonstrate that
our algorithm has a high detection accuracy.

Table 1. COMPARISON EXPERIMENTS ON NWPU VHR-10.

Method P(%) R(%) mAP50(%) mAPs50.95(%) Params(M)  GFLOPs(G)
YOLOvV6-n 92.2 84.9 90.2 54.3 4.2 11.8
YOLOv6-s 90.8 86.9 91.8 56.3 16.3 440
YOLOv7-tiny 90.4 86.5 91.2 53.2 6.0 13.3
YOLOV?7 91.0 90.5 93.4 56.5 37.2 105.3
YOLOvVS8-s 90.2 87.0 90.9 56.6 11.1 28.5
YOLOvV10-n 87.6 75.9 85.0 51.7 2.7 8.2
YOLOv10-m 85.1 82.2 88.7 55.4 16.5 63.5
YOLOv10-1 88.2 85.3 89.5 55.6 25.7 126.4
YOLOvV11-1 90.6 79.3 88.3 54.8 25.3 86.6
YOLOv11-x 92.1 82.6 89.5 56.8 56.8 194.5
Ours 93.6 90.7 94.5 57.4 49.1 126.7

To more intuitively compare the experimental results, we draw the Precision- Recall (P-R) curves
of our MA-YOLO algorithm and other advanced algorithms. The area under the P-R curve represents
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the Mean Average Precision (mAP) of all categories at a threshold of 0.5. The larger the area under
the P-R curve, the better the detection performance of the corresponding algorithm, as shown in
Figure 7. The area under the P-R curve of our MA-YOLO algorithm is the largest, indicating that
our MA-YOLO algorithm has a high target recognition accuracy. In the NWPU VHR-10 dataset, the
target scales vary greatly and the background is complex. Our MA-YOLO algorithm, by adding
DELAN-1 to the backbone network, helps with target recognition in complex backgrounds. The CFFM
module enhances the model’s adaptability to feature information extraction at different scales through
cross-layer feature fusion, and the MAPA extracts information from multiple angles, avoiding the
situation of insufficient information extraction in a single direction.

1.0

—— all classes 0.902 MAPO.5 (Y OLOvV6-n)
—— all classes 0.918 MAPO.5 (Y OLOV6-s)
0.8 - all classes 0.912 mAPO.5 (Y OLOV7-tiny)
—— all classes 0.934 MAPO.5 (YOLOV?)

all classes 0.909 mAPO.5 (Y OLOV8-s)
—— all classes 0.850 MAPO.5 (Y OLOv10-n)
—— all classes 0.887 MAPO.5 (Y OLOv10-m)
—— all classes 0.895 mAPO.5 (Y OLOV10-1)
—— all classes 0.883 MAPO.5 (YOLOv11-l)
—— all classes 0.895 MAPO.5 (Y OLOv11-x)
all classes 0.945 mAPO.5 (MA-YOLO)

o
o
|

Precision
o
~
|

0.0 0.2 0.4 0.6 0.8 1.0
Recall

Figure 7. MA-YOLO algorithm and the P-R curves of other advanced algorithms.

4.4.2. Comparisons on VisDrone2019-Val Dataset

To further analyze the advantages of our model, we compare it with other advanced models on
the VisDrone2019 dataset, as shown in Table 2. The MA-YOLO algorithm has the highest indicators
in all aspects. Its Precision (P), Recall (R), mAPy 5, and mAPy5.0.95 are 58.4%, 50.4%, 50.0%, and 28.5%
respectively. Compared with the lightweight TA-YOLO-tiny algorithm, our algorithm improves
mAPys and mAPy5.095 by 13.5% and 6.7% respectively. Compared with the YOLOv8-x algorithm
with more parameters, our algorithm improves mAPy 5 and mAPy 5.0.95 by 4.4% and 0.3% respectively.
VisDrone2010 is a set of remote sensing target images captured by UAVs, and small-scale targets
account for a relatively high proportion. The experimental results show that our MA-YOLO algorithm
has great advantages in processing UAV aerial images and small targets.
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Table 2. COMPARISON EXPERIMENTS ON VisDrone2019-val.

Method P(%) R(%) mAP50(%) mAPs50.95(%) Params(M)  GFLOPs(G)
YOLOv7-tiny 484 38.6 36.6 19.2 6.0 13.3
YOLOv7 58.3 49.3 49.1 28.0 37.2 105.3
YOLOV8-m[40] 55.6 41.6 433 26.5 259 79.3
YOLOvS8-1[40] 57.2 43.2 453 27.7 43.6 165.7
YOLOv8-x[40] 56.0 440 45.6 28.2 68.2 258.5
TA-YOLO-tiny[41] 485 349 36.5 21.8 2.3 7.9
TA-YOLO-n[41] 50.2 38.9 40.1 24.1 3.8 14.1
TA-YOLO-s[41] 53.9 443 454 27.7 13.9 43.3
YOLO-GE-n[42] 49.3 41.2 40.7 23.7 3.5 -
YOLO-GE-s[42] 54.6 46.2 47.2 28.4 13.0 -
Ours 58.4 50.4 50.0 28.5 49.1 126.7
b

4.4.3. Comparisons on RSOD Dataset

To further compare with YOLO series algorithms, we conduct a comparison on the RSOD dataset,
as shown in Table 3. Our MA-YOLO algorithm has the highest evaluation indicators in all aspects.
The Precision (P), Recall (R), mAPys5, andmAP 5095 of this algorithm are 96.9%, 91.1%, 95.6%, and
67.0% respectively. Compared with the most advanced YOLOv11-m, our algorithm improvesm AP 5
and mAPy 5095 by 1.7% and 1.5% respectively. Compared with the lightweight YOLOv11-n, our
algorithm improves mAPy 5 and mAPy5.0.95 by 2.9% and 2.7% respectively. These comparative experi-
ments further verify the advantages and feasibility of our algorithm in target detection with complex
backgrounds and large-scale differences.

Table 3. COMPARISON EXPERIMENTS ON RSOD.

Method P(O/o) R(O/o) mAP.50 (%) mAP'50:‘95 (O/o) Params(M) GFLOPS(G)
YOLOV7-tiny 92.5 89.1 91.1 62.0 6.0 13.3
YOLOv7 94.1 91.9 93.1 66.4 37.2 105.3
YOLOvS8-n 90.3 87.2 89.2 63.1 3.0 8.2
YOLOvS8-s 88.3 88.7 90.3 65.0 11.1 28.5
YOLOv10-n 88.5 86.8 89.5 62.5 2.7 8.2
YOLOv10-s 92.1 88.4 92.8 65.2 8.1 24.8
YOLOvV10-m 929 88.9 94.0 64.6 16.5 63.5
YOLOv1l-n 91.2 90.2 92.7 64.3 2.6 6.4
YOLOv11-s 91.4 89.4 92.8 65.4 9.4 21.6
YOLOv11l-m 92.8 90.5 93.9 65.5 20.1 68.2
Ours 96.9 91.1 95.6 67.0 49.1 126.7

4.5. Ablation Studies and Analysis

The comparison results presented in Table 1, Table 2, and Table 3 indicate that the proposed MA-
YOLO method outperforms several state-of-the-art methods, including YOLOvS, YOLOv10, YOLOv11,
and others. Next, a comprehensive analysis of the proposed MA-YOLO method from an ablation
perspective will be conducted to explore the logic behind its superior performance.

To evaluate the advantages of our MA-YOLO algorithm over the baseline model, we gradually
add our improved modules based on the YOLOV? baseline algorithm to verify the effectiveness of
all our improved modules in the experiment, enabling us to better understand and optimize the
model. Through this experiment, the feasibility of our MA-YOLO algorithm for target recognition in
multi-scale complex backgrounds has been verified. The NWPU VHR-10 dataset contains targets of
different scales and complex backgrounds, which poses a great challenge for remote sensing target
recognition. Our ablation experiment is carried out on the NWPU VHR-10 dataset, and Table 4 shows
the results of our ablation experiment.
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Table 4. Performance with different enhancements evaluated on the NWPU VHR-10 dataset.

Id MAPA DELAN-1 CFEM DP(%) R(%) mAPs)(%) mAPsg05(%) Params(M) GFLOPs(G)
1 91.0 905 93.4 56.5 37.2 105.3
2 v 926 899 93.8 56.6 39.4 108.6
3 v 952 883 93.9 56.8 39.1 1135
4 v 945 897 94.0 56.9 451 115.0
5 v v 944 899 94.1 57.1 412 116.9
6 v v 944 881 94.3 57.0 473 1184
7 v v 936 901 94.2 572 469 1233
8 v v v 936  90.7 94.5 57.4 49.1 126.7

Our improved modules have improved the detection performance to varying degrees compared
with the baseline model algorithm. Experiment 2, Experiment 3, and Experiment 4 are the evaluation
results of a single improved module compared with the baseline model. In Experiment 2, when we
added the MAPA module, the Precision (P), mAPy 5, and m AP, 5.0.95 increased by 1.6%, 0.4%, and 0.1%
respectively compared with the baseline model. This is because the improved MAPA module obtains
more comprehensive background and detail information through multi-angle information extraction
and fusion. In Experiment 3, when we added the DELAN-1 module, the Precision (P), mAPy 5, and
mAP) 5095 increased by 4.2%, 0.5%, and 0.3% respectively compared with the baseline model. This is
because by adding the DMobileViTv3 module to ELAN-1, this module can capture both global and
local information simultaneously, improving the ability of target recognition in complex scenes. In
Experiment 4, when we added the CFFM module, the Precision (P), mAPy 5, and m AP, 5.0 95 increased
by 3.5%, 0.6%, and 0.4% respectively compared with the baseline model. This is because this module
effectively improves the cross-layer learning ability of the model by fusing the location information of
the backbone network with the deep semantic information of the neck. It is worth noting that although
the Recall (R) has decreased compared with the baseline model, higher detection accuracy is shown in
other detection evaluation indicators.

To further verify the impact of our improved modules on the experiment, we conduct Experiment
5, Experiment 6, and Experiment 7, which are the evaluation results of adding two improved modules
compared with the baseline model. In Experiment 5, when we added the MAPA and DELAN-1
modules, the Precision (P), mAP 5, and mAPs.9.95 increased by 3.4%, 0.7%, and 0.6% respectively
compared with the baseline model. In Experiment 6, when we added the MAPA and CFFM modules,
the Precision (P), mAPy 5, and mAP)s.0.95 increased by 3.4%, 0.9%, and 0.5% respectively compared
with the baseline model. In Experiment 7, when we added the DELAN-1 and CFFM modules, the
Precision (P), mAPy 5, and mAPy5.0.95 increased by 2.6%, 0.8%, and 0.7% respectively compared with
the baseline model. It should be noted that our evaluation indicators m AP, 5 and m AP, 5.9 95 have also
increased compared with a single improved module.

In Experiment 8, the MA-YOLO model integrating all modules shows higher detection accuracy.
The Precision (P), Recall (R), mAPy5, and mAP5.095 have been improved to 93.6%, 90.7%, 94.5%,
and 57.4% respectively. It should be noted that although the recall rate of our MA-YOLO model
is not the highest among the 7 improved experiments, it has increased by 0.2% compared with the
baseline model. These experimental results show that adding different numbers of improved modules
compared with the baseline model can effectively improve the target detection ability, verifying the
advantages and feasibility of our MA-YOLO model in remote sensing target detection. This is because
the MA-YOLO algorithm fuses shallow features and deep features through cross-layer feature fusion,
enabling the model to distinguish the differences between the background and the target in complex
backgrounds. And by extracting target feature information from different directions, it avoids the
situation of insufficient extraction of target information and improves the detection accuracy.
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4.6. Visualization
4.6.1. Visual Results on NWPU VHR-10 Dataset

Figure 7 shows some visual detection results of the MA-YOLO model and YOLOv7 on the NWPU
VHR-10 dataset. The results show that our MA-YOLO model has a better advantage in target detection
under different scales and complex backgrounds. The confidence scores of target detection of the
MA-YOLO model are generally higher than those of the YOLOv7 model. In the first group of visual
results, the detection confidence of our MA-YOLO algorithm for the larger-scale ground track field
and the moderately scaled baseball diamond is higher than that of the YOLOv7 algorithm. In the
second group of visual results, in the comparison of vehicles in a complex background with partial
shadow occlusion, the detection confidence of our MA-YOLO algorithm is higher than that of the
YOLOV7 algorithm. In the third group of visual results, the YOLOvZ7 model made an error in detecting
airplanes of different scales of the same object, identifying one airplane as two airplanes. However,
our MA-YOLO model accurately detected the object, and in the detection of smaller-scale airplanes,
the detection confidence of our algorithm is higher than that of the baseline model. The results show
that our MA-YOLO model has a great advantage in target detection under complex backgrounds and
different scales.

4.6.2. Visual Results on VisDrone2019 Dataset

To further verify the ability of our MA-YOLO algorithm to detect dense small targets in complex
backgrounds, we compare some visual results of the MA-YOLO algorithm and the YOLOv?7 algorithm
on the VisDrone2019 dataset, as shown in Figure 8 . Since the targets in the VisDrone2019 dataset are
relatively small, we have enlarged the visual results. In the first group of visual results, the YOLOv7
algorithm failed to detect the tricycle, while our MA-YOLO algorithm accurately detected it. In the
second group of visual results, the YOLOv? algorithm failed to detect the motor, while our MA-YOLO
algorithm accurately detected the target. In the third group of visual results, due to the truck being
blocked by leaves and the motor being blocked by a sign, the YOLOv7 algorithm failed to detect
these two targets, while our MA-YOLO algorithm accurately detected the targets. This is because
the MA-YOLO algorithm extracts the feature information of small targets from different directions,
avoiding the situation of insufficient information extraction in a single direction, verifying that our
MA-YOLO algorithm has a great advantage in detecting dense small targets in complex backgrounds.
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(a) (b)

Figure 8. Comparison of some detection examples in the VisDrone2019 dataset: (a) Ground truth, (b) YOLOV7Z, (c)
MA-YOLO.

4.6.3. Visual Results on RSOD Dataset

Figure 9 shows some visual detection results on the RSOD dataset. In the first and second groups
of visual results, the YOLOV? algorithm missed the detection of one aircraft, while our MA-YOLO
algorithm accurately detected the aircraft. This is because the missed aircraft target is small and
the background is complex, and our YMA-YOLO algorithm can extract feature information from
different angles, avoiding the situation of insufficient extraction of feature information of small targets
in complex backgrounds. In the third group of visual results, due to the large amount of image noise,
the image becomes blurry, which has a certain impact on the detection results. The YOLOv? algorithm
only detected one oiltank, while our MA-YOLO algorithm detected three oiltanks, further indicating
the advantage of the MA-YOLO algorithm in target detection in complex noisy environments.
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Figure 9. Comparison of some detection examples in the RSOD dataset: (a) Ground truth, (b) YOLOvV?Z, (c)
MA-YOLO.

5. Conclusion

This paper aims to solve the problems of complex backgrounds and large-scale variations in
remote sensing target detection and further improve the detection accuracy. We proposed a target
detection model MA-YOLO for this problem. Firstly, we used the DELAN-1 module in the backbone
network to solve the problem of insufficient information extraction and balance the extraction of global
and local information. Secondly, we introduced the CFFM module in the backbone network and the
neck, which fused the shallow location information and the deep semantic information, helping the
model learn context information and improving the cross-layer learning ability. Subsequently, we
introduced the MAPA model in the neck network. This model combined multi-angle feature value
extraction with the Transformer model, reducing the computational complexity of the self-attention
mechanism in the Transformer, and improving the feature learning ability under different target scales
through feature extraction from different angles.

Further experimental results have proven that our model can adapt to remote sensing target de-
tection under different scales. The DELAN-1, CFFM, and MAPA modules, when added to MA-YOLO,
simultaneously increase the model’s params and GFLOPS. In future research, we plan to improve the
lightweight and detection accuracy of the model through pruning and distillation techniques, making
it more efficient in enhancing the target detection ability under different scales and improving the
target detection speed. We also plan to apply this model to high-resolution images and use image
compression technology to improve the detection accuracy of the network. This will further improve
the model’s ability to adapt to target detection under different tasks.
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