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Abstract: Due to the objects in UAV aerial images often presenting characteristics of
multiple scales, small objects, complex backgrounds, etc., the performance of object
detection using current models is not satisfactory. To address the above issues, this paper
designs a multiscale small object detection model for UAV aerial images, namely MSUD-
YOLO, based on YOLOvV10s. First, the model uses an attention scale sequence fusion
mode to achieve more efficient multiscale feature fusion. Meanwhile, a tiny prediction
head is incorporated to make the model focus on the low-level features, thus improving
its ability to detect small objects. Secondly, a novel feature extraction module named
CFormerCGLU has been designed, which improves feature extraction capability in a
lighter way. In addition, the model uses lightweight convolution instead of standard
convolution to reduce the model’s computation. Finally, the WIoU v3 loss function is
used to make the model more focused on low-quality examples, thereby improving the
model’s object localization ability. Experimental results on the VisDrone2019 dataset show
that MSUD-YOLO improves mAP50 by 8.5% compared with YOLOv10s. Concurrently,
the overall model reduces parameters by 6.3%, verifying the model’s effectiveness for
object detection in UAV aerial images in complex environments. Furthermore, compared
with multiple latest UAV object detection algorithms, our designed MSUD-YOLO offers
higher detection accuracy and lower computational cost; e.g., mAP50 reaches 43.4%, but
parameters are only 6.766 M.

Keywords: multiscale small object; object detection; UAV aerial image; YOLOv10s; deep
learning; lightweight CNN

1. Introduction

A UAV (unmanned aerial vehicle) is unmanned by integrated remote control devices
and autonomous program control systems. UAVs are widely used in military and civilian
fields [1,2] with their advantages of small volume, long endurance, high concealment and
easy manipulation. In military aspects, UAVs can be used in battlefield reconnaissance,
information confrontation, cluster cooperative operations and other fields. On the civilian
side, UAVs are mainly used in agricultural crop monitoring, power maintenance, urban
traffic supervision, search and rescue and other fields [3—-6]. UAV aerial image object
detection mainly utilizes computer vision algorithms to classify and detect objects in UAV
aerial images, so as to determine the precise location of objects and extract their feature
information. However, UAV aerial images are more vulnerable to intricate environmen-
tal factors—like occlusion, light and weather—than ordinary images. Moreover, when
images are captured by a UAV, objects of different categories often vary in size, which
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leads to the multiscale feature of objects in images and affects detection accuracy. Fur-
thermore, UAV aerial images often contain a lot of overlapping and dense small objects,
making object features less prominent, resulting in false detection and missing detection
problems. Previous methods, such as early manual feature detection [7-9], relied on
manual work to design and select features to a large extent, and their accuracy, objectivity,
robustness and generalization were all restricted to a certain degree, ultimately resulting
in unsatisfactory detection precision and speed, which affect practical application. In
contrast, deep learning methods offer the benefits of strong adaptability, end-to-end
learning, parallel processing and so on. Therefore, researchers are increasingly inclined
to use deep learning algorithms for extracting object features from UAV aerial images to
improve detection accuracy.

At present, there are two categories of primary deep learning object detection meth-
ods: two-stage and one-stage. Two-stage algorithms, including R-CNN [10], SPPNet [11],
Fast R-CNN [12] and Faster R-CNN [13], initially generate candidate regions, and they
subsequently classify and regress them using convolutional neural networks. While
these algorithms exhibit remarkable precision and robustness in handing complex scenar-
ios and small object detection, their main disadvantages lie in their high computational
demand and inference time. In contrast, one-stage algorithms treat object detection as
regression problems. They directly predict the bounding box and object class right from
the input image without generating region proposals. This approach leads to much faster
detection speeds and keeps the computational complexity significantly lower. The YOLO
series algorithm [14] is among the most representative. YOLOV1 [15], as the first formal
one-stage algorithm, was faster than R-CNN but not good at detecting near and small
objects due to fewer grids divided by feature maps and problems in matching strategy
design. YOLOV2 [16] improved upon YOLOV1, focusing on addressing the issues of low
recall rates and inaccurate positioning. YOLOvV3 [17] improved the shortcomings of the
previous YOLO algorithm and introduced a new backbone network, Darknet-53, which
combines residual connections more deeply and efficiently. YOLOv4 [18] improved the
model detection performance for objects of different scales by combining technologies,
such as the Cross-Stage Partial (CSP) network [19] and multipath feature fusion based
on PANet [20]. YOLOV5 [21] followed the design philosophy of YOLOv3, enhanced the
learning process by automatically adjusting the anchor frame during training, applied
the CSP module to the neck, and replaced SPP with Spatial Pyramid Pool Fast (SPPF).
Specifically designed for industrial applications, YOLOv®6 [22] adopted EfficientRep,
based on the RepVGG [23] structure, as its backbone network to achieve efficient feature
extraction. In addition, the detection head adopts an efficient decoupled head structure,
optimizing computation and memory consumption without compromising precision.
YOLOVv?7 [24] introduced a new Extended Efficiency Layer Aggregation Network (E-
ELAN) and adopted an adaptive anchor mechanism, enabling model to better adapt to
objects of varying sizes and proportions, thereby boosting the detection performance
for small objects. YOLOVS [25] abandoned the YOLOv5’s C3 structure, opting instead
for the more abundant C2f structure of gradient flow. Furthermore, it adjusted the
numbers of different channel numbers for models of different scales, significantly en-
hancing the overall efficiency of the model. YOLOV9 [26] was an improved version
of YOLOvV7, mainly introducing two innovative technologies: Programable Gradient
Information (PGI) and the Generalized Efficient Layer Aggregation Network (GELAN).
YOLOV10 [27], the first real-time end-to-end object detection algorithm in the YOLO
series, inherited the network structure from YOLOvVS. Unlike previous YOLO algorithms,
YOLOV10 introduced a consistent dual assignments strategy for training YOLO without
NMS, enabling faster and more efficient object detection. Compared to previous YOLO
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models, YOLOv10 markedly boosts speed and precision, making it suitable for real-time
object detection. It is also the main reason for this paper to design a new network
architecture based on YOLOv10.

Researchers have applied YOLO-series algorithms to object detection tasks in UAV
aerial images. Jawaharlalnehru et al. [28] developed an improved YOLO algorithm,
which uses methods such as object box dimension clustering, pre-trained network clas-
sification and multiscale detection training to address the challenges of slow detec-
tion speed and missed detections for multiscale objects in UAV image object detection.
Sahin and Ozer et al. [29] introduced a new YOLODrone algorithm based on YOLOvV3.
This algorithm increases the number of detection layers from three various scales to five
and enhances the localization ability of small objects. However, the detection accuracy
of small targets still needs to be improved. Koay et al. [30] developed the YOLO-RTUAV
algorithm. They not only used DIoU-NMS to reduce suppression errors and missed
detections but also used multiple 1 X 1 convolution to reduce the model complexity.
Bao [31] et al. proposed GCL-YOLO, a lightweight YOLO model based on GhostConv.
Their method significantly reduces the network’s parameters and calculation, enabling
it to be better deployed on unmanned aerial vehicle mobile terminals for real-time object
detection. However, this model has not solved the problem of multiscale object detec-
tion. Wang et al. [32] improved a lightweight detection model MFPYOLO by optimizing
YOLOVS. They designed a multi-input inverted residual block (MIRB) and introduced
a convolutional block attention module (CBAM), significantly boosting the model’s
performance under multiscale variations and complex backgrounds. Wang et al. [33]
designed a new algorithm, DSAA-YOLO, which employs higher-quality training data
through the super resolution data enhancement method (SRDA) and the super resolution
module DRSR, so as to solve the problem of effective feature extraction for small object
and low bounding box localization accuracy. Chen et al. [34] improved YOLOvVS by
designing the feature fusion module FFENB, which significantly improves the model’s
detection performance, but the parameters still need to be reduced. Li et al. [35] pro-
posed LUD-YOLO, a lightweight UAV small object detection model, introducing a novel
multiscale feature fusion mode to achieve higher-quality and smaller semantic gap fea-
ture fusion. However, this fusion mode also leads to a relatively high computational
complexity. Qi et al. [36] proposed a multi-strategy feature enhancement YOLO model
by improving YOLOvS, aiming to solve the small-scale problem of aerial images taken
by drones, but the detection performance of small targets in complex environments still
needs to be enhanced. Zhang et al. [37] proposed a lightweight feature enhancement,
fusion and context-aware YOLO detector, which solves the problem of low detection
accuracy of small objects in aerial images. Luo et al. [38] enhanced the feature extraction
capability of the model by integrating the shuffle block algorithm and the multiscale
extended attention (MSDA) mechanism in the backbone. Liu et al. [39] designed a real-
time pedestrian recognition model based on YOLOV5 to enhance the real-time detection
performance of edge devices. They used global channel pruning to reduce the number
of parameters in the model. Although the aforementioned models have made some
progress in improving object detection accuracy and making the algorithms lightweight,
the detection accuracy for multiscale objects and small objects in complex environments
still needs to be further improved. Furthermore, for embedded devices with limited
resources, the computational efficiency and speed of the model also need to be further
improved to meet the requirements of practical applications.

In view of the problems in object detection from UAV aerial images mentioned above,
this article designs a multiscale small object detection model for UAVs based on YOLOv10s,
namely MSUD (UAV Aerial Image Multiscale Small Object Detection)-YOLO. It aims to
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address the issues of low detection accuracy for multiscale objects and small objects in UAV
aerial images, as well as the complexity of detection model. The key contributions of this
article are as follows:

1.  Aiming at multiscale issues in UAV aerial images, we have improved the neck network
using the ASF structure. This structure achieves comprehensive fusion of different
scale features and enhances detection capability by optimizing the feature pyramid
and the path aggregation network. Concurrently, adding a small object prediction
head P2 into the head makes the model focus more on low-level features, thereby
enhancing its sensitivity to small objects.

2. Anovel feature extraction module CFormerCGLU is designed to balance the model’s
detection speed and precision. The design of this module not only boosts the model’s
feature extraction ability but also solves the problem of large memory usage and high
computational cost of the attention mechanism. In addition, GSConv is used instead
of standard convolution to decrease the model’s computation.

3. WIoU v3is introduced into the boundary box regression loss, adopting a reasonable
gradient gain allocation method, which can dynamically optimize the weight of high-
and low-quality anchor boxes at a loss, so that the model focuses on ordinary-quality
anchor boxes, thereby enhancing its generalization ability and overall performance.

4. Extensive experiments conducted on the VisDrone2019 dataset have shown that
MSUD-YOLO achieves the best balance between lightweight and detection accuracy.
Compared with the baseline model, YOLOv10s, our model has excellent detection
performance in multiscale object and small object detection. Furthermore, in terms
of computational efficiency, MSUD-YOLO is also superior to several of the latest
YOLO algorithms.

2. YOLOvV10s Algorithm

YOLOV10, developed by researchers at Tsinghua University utilizing the Ultralytics
Python software package (8.2.30), is a new version in the YOLO series of object detection
algorithms. It improves its performance and versatility by improving the model archi-
tecture and eliminating non-maximum suppression (NMS). Considering the hardware
requirements of UAV object detection, this paper chooses YOLOv10 version YOLOv10s,
with fewer parameters, as the basic model, and its structure is illustrated in Figure 1. Firstly,
YOLOV10s uses a consistent dual assignment strategy for NMS-free training of YOLO,
which results in both excellent performance and high reasoning efficiency. In addition,
YOLOvV10s comprehensively optimizes each module of the YOLO algorithm from the
point of view of efficiency and accuracy, greatly reducing computational complexity and
enhancing detection capabilities.

2.1. Consistent Dual Assignments for NMS-Free Training

During network training, YOLO typically uses a label assignment strategy to allocate
multiple positive examples to each instance. The one-to-many assignment strategy provides
rich supervisory signals, which is helpful for better learning of the model. However, it
requires YOLO to rely on NMS post-processing, leading to poor reasoning efficiency.
Therefore, YOLOvV10s utilizes an NMS-free training strategy, as shown in Figure 2, to
achieve high efficiency and good performance through using dual label assignments and
consistent matching metrics.
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Figure 1. YOLOv10s algorithm structure.
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Figure 2. Consistent dual assignments for NMS-free training.

2.1.1. Dual Label Assignments

Differing from one-to-many assignments, one-to-one matching assignments have only
a positive sample per true value and do not require post-processing by NMS. However, this
results in weak supervision, which affects accuracy and the speed of convergence. Fortu-
nately, a one-to-many assignment can compensate for this shortcoming. So, YOLOv10s uses
a dual label assignment strategy, aiming to integrate the advantages of the two assignment
methods. During the training phase, the two heads are optimized in conjunction with the
main model, so that the backbone and neck fully benefit from the abundant supervisory
information provided by one-to-many assignments. In the inference phase, only one-to-
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one headers are used for prediction, enabling end-to-end deployment of YOLO without
additional inference costs.

2.1.2. Consistent Matching Metric

One-to-one and one-to-many methods utilize metrics to quantitatively evaluate the
level of agreement between predictions and instances during assignments. To achieve
consistency between the two branches in the training process, a uniform matching index,
the consistent matching metric, is adopted. The formula is as follows:

m=s-p* ~IOU(E,b)/5, (1)

where p is classification score, and b and b represent the predicted and true boundary
box, respectively. s denotes the spatial prior indicating whether the predicted anchor is
within the instance. & and p are two important hyperparameters that balance the effects
of semantic prediction tasks and position regression tasks. Through consistent matching
measures, the optimization direction of one head and one head are consistent, thereby
enhancing the model’s performance.

2.2. Efficiency and Accuracy Model Design
2.2.1. SCDown

YOLO typically employs a 3 x 3 standard convolution with a stride of 2 for spatial
downsampling (from H x W to % X %) and channel transformation (from C to 2C). This
leads to redundant computational costs %H WC? and the parameters 18C?. Therefore,
YOLOV10s adopts the operations of spatial reduction and channel expansion for down-
sampling, which diminishes both computational cost to %H WC? and the parameters to
2C2 + 18C. At the same time, this maximizes the retention of the feature information in the
downsampling process, thus achieving real-time performance while maintaining accuracy.

2.2.2. C2fCIB

YOLO typically uses the same basic building blocks across all network layers, such as
the bottleneck block in YOLOvS8. However, using the same basic building blocks tends to
exhibit a lot of redundancy in the deep stages of the network and in large models. To this
end, YOLOv10s has designed a compact inverted block (CIB) structure that aims to reduce
the complexity of redundant stages through a compact architectural design. As shown
in Figure 1, CIB employs cheap deep convolution for spatial mixing and cost-effective
point convolution for channel mixing. It can be used as an efficient basic building block,
embedded in ELAN structures. Furthermore, a rank-guided block allocation strategy is
used to sort all phases of the model by intrinsic rank from lowest to highest and then
check the performance change of the base block that replaces each phase with CIB. After
comparison and experiment, YOLOv10s has the best performance in the deepest stage P5
(20 x 20) using the CIB structure.

2.2.3. Partial Self-Attention (PSA)

The principle of the PSA module is illustrated in Figure 1. Self-attention has been
widely used in various visual tasks because of its remarkable global modeling ability.
However, this often results in high computational complexity and memory footprint. To
solve this problem, YOLOvV10s adopts an efficient Partial Self-Attention (PSA) module.
Specifically, the feature is first evenly split into two parts through 1 x 1 convolution. Then,
only a part of these features is input into the NPSA block, which consists of a Multi-Head
Self-Attention module (MHSA) and a Feed-Forward Network (FFN). The two parts of
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the features are then joined and fused by 1 x 1 convolution. Secondly, the dimensions of
the query and key in MHSA are set to half of the value, and LayerNorm is replaced with
BatchNorm to speed up reasoning. To avoid excessive overhead caused by the quadratic
complexity of attention, PSA is only placed after the P4 layer with the lowest resolution.

3. Proposed MSUD-YOLO
3.1. Overall Framework

Figure 3 demonstrates the MSUD-YOLO model proposed in this article, which is opti-
mized and improved on the basis of YOLOV10s. Firstly, the ASF structure is incorporated
into the neck of the network to boost the model’s capability for multiscale feature fusion.
Furthermore, the small object prediction head P2 is added on the shallow feature map, so
that the model leverages more local information, which improves the detection precision
of small objects. Secondly, a novel feature extraction module named CFormerCGLU is
designed in the feature extraction network. The CFormerCGLU module leverages the at-
tention mechanism to enhance the model feature extraction capabilities, while also solving
the problem of excessive memory consumption and computational cost associated with the
attention mechanism. In the meantime, GSConv is used instead of standard convolution
to decrease the model computational load. Finally, WIoU v3 is introduced as the loss
function, which offers a wise gradient gain allocation method. This method enhances its
generalization ability and overall performance. The following will introduce the structural
framework and principle of each module.
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P5 20X20 20X20
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\
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Input Pl 1602(2160 80X 80 X
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Figure 3. MSUD-YOLO model framework.

3.2. ASF Neck Structure

To solve the multiscale problem in UAV aerial images, we introduced the ASF (Atten-
tional Scale Sequence Fusion) structure. ASF [40] primarily consists of the Scale Sequence
Feature Fusion (SSFF) module, Triple Feature Encoding (TFE) module and Channel and
Position Attention Mechanism (CPAM), as illustrated in Figure 4.
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Figure 4. Attentional Scale Sequence Fusion structure.

3.2.1. Scale Sequence Feature Fusion (SSFF) Module

Aiming at multiscale issues in UAV aerial images, current feature fusion methods
mostly adopt the accumulation or superposition of feature pyramid structure for fusion.
However, these structures fail to fully take advantage of correlations among all feature
maps. To address this, a novel Scale Sequence Feature Fusion (SSFF) module (the ScaleSeq
block in Figure 3) is introduced to the structure, which better integrates the multiscale
feature map, thereby enhancing the multiscale information extraction ability of the network.

Figure 4 depicts the specific process of the SSFF module. First, the feature maps P3,
P4 and P5 generated from the backbone are convolved with a series of Gaussian kernels
with incrementally increasing standard deviations [41-43], aiming to keep the scale of the
feature maps consistent. The following formula is used:

Le(x,y) = f(x,y) * Go(x, ), 2)
Gol(x,y) = 27378—<x2+y2)/202, 3)

where L, (x, y) is a function of the scale of an image, o is the scale parameter of the Gaussian
function, f denotes a 2D feature map, and G, (x, y) is a variable-scale Gaussian function.

Subsequently, feature maps are stacked horizontally, and 3D convolution is used to
extract their scale sequence features. After 3D convolution, the data is normalized using
batch normalization (BN) to stabilize the data distribution and accelerating the training
process. Finally, the model’s nonlinear processing capability is enhanced by the SiLU
activation function. This process effectively combines the feature information at different
scales, enhancing understanding and expression capabilities for data.

3.2.2. Triple Feature Encoding (TFE) Module

For the problem of small object recognition with dense overlapping in UAV images,
we can enlarge images to refer to and contrast alterations in shape or appearance across
various scales. Because of the different dimensions of the varying feature layers in the
backbone, the traditional FPN fusion mechanism can only upsample small-size feature
maps and split or add them to the features of the previous layer, neglecting the rich details
in the larger-scale feature layer. TFE module can split large, medium and small features,
integrate them into large-scale feature maps, and amplify features to capture detailed
feature information more comprehensively. This module corresponds to the Zoom_cat
block in Figure 3.

Figure 5 shows the structural principle of the TFE module. Before encoding features, a
composite layer (ConvBNSiLU) is first applied for preprocessing to adjust feature channel
number, aligning them with the main scale feature. For the Large feature map, we first use
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a convolutional module to unify the channel number to 1C. Subsequently, max pooling and
average pooling are employed for downsampling, helping decrease the spatial dimension
of features, thereby enhancing the robustness of the network to spatial changes and shifts
of input images. For the Small feature map, we similarly adjust the channel number to
1C using a convolutional module. Secondly, nearest-neighbor interpolation is employed
in upsampling to match the “Medium” feature map. This helps preserve local feature
information and prevents small object feature loss. Lastly, the three feature maps of the
same dimension are convolved and connected according to the following formula:

Frrg = concat(Fy, Fy, Fs), 4)

where Frrg represents output feature map by the TFE module, and Concat denotes the connec-
tion operation. Fj, F;; and F; represent large-, medium- and small-size feature maps, respectively.

Downsampling

MaxPooling
(0.5C,28) - > . (1¢,18)
Large ——> ConvBNSIiLU a— ConvBNSIiLU —

AvgPooling .
acs) (1C.18)

(1C,18) (1C,1S) Q

Medium ConvBNSiLU g &
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Small ——— ConvBNSiILU —  Nearest —— o. —> ConvBNSIiLU —

= (1C,18)

Figure 5. Triple feature encoding module.

3.2.3. Channel and Position Attention Mechanism (CPAM)

The CPAM (the Add block in Figure 3) can extract key feature information across
channels, integrating detailed and multiscale feature information of SSFF and TFE outputs,
using channel attention to enhance object features and suppress irrelevant background,
while position attention helps the model accurately locate and distinguish key areas in
the image in spatial position. This mechanism enables the model to better perform object
detection and recognition in a small-scale and complex environment.

The structure of the CPAM is illustrated in Figure 6, which consists of a channel
attention network and location attention network. In channel attention networks, the input
feature maps are first pooled averagely to retain channel information while reducing spatial
dimension. Then, two fully connected layers and a nonlinear Sigmoid function are used to
generate channel weights, which are then applied to the original feature map to highlight
important spatial areas. In the position attention network, the position attention mechanism
firstly applies average pooling on input feature maps along the horizontal (p,,) and vertical
(pn) axes to preserve the spatial structure information of feature maps. The pooling formula
is as follows:

1

w ) = — E '/. 7 5

puw(i) HOEH (i,]) (5)
1

L1 B, ;

pa(i) Wog%w (i.]) (6)

where W and H are the width and height of the input feature map, respectively. E (i, j) are
the values at the position (i, j) of the input feature map.
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Then, when generating position attention coordinates, concatenation and convolution
operations are performed on the horizontal and vertical axes:

P(ay,ay) = Conv|[Concat(pw, py)], (7)

where a,, and aj, are position attention coordinates, P(ay, aj) represents the output of the posi-
tion attention coordinates, Conv represents 1 x 1 convolution, and Concat means concatenation.

Finally, the attention features are split into two parts to calculate the position weights
by the Sigmoid function. When splitting the attention features, the following formulas
generate pairs of feature maps related to position:

sw = Split(ay), 8)

sy = Split(ay). )

where s;, and s;, are the width and height of the splitting output, respectively.
The final formula of the CPAM is as follows:

Fcpam = E X sy X sy, (10)

where E denotes the weight matrix of the channel and position attentions.

This integrated channel and position attention mechanism makes models focus on rel-
evant channels and spatial information more accurately, significantly improving processing
efficiency and model performance.

3.3. Tiny Prediction Head-P2

YOLOV10 has three prediction heads (80 x 80,40 x 40, 20 x 20), which have a larger
receptive field for medium- and high-level features, focusing more on semantic information
of features. However, its ability to express positional and detailed information is limited,
leading to low-level features easily being ignored. Therefore, selecting a suitable receptive
field size or considering multiscale receptive fields can effectively preserve more local
feature information of small objects when extracting features of small objects. Most of the
objects in UAV aerial images are tiny, and primordial multiscale detection structures often
miss such object.
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To solve this problem, this article adds a new type of tiny prediction head, P2, as
shown in Figure 3, which increases the resolution of the detection feature map (160 x 160)
for detecting small objects larger than 4 x 4 pixels in value. Small detection pixels are
capable of capturing richer location information about objects, which is essential to enhance
the detection accuracy of small objects and provide valuable inputs to other layers during
feature fusion. The newly introduced P2 concentrates on low-level features, thus improving
the model’s sensitivity to small objects.

3.4. GSConv Module

GSConv (Grouped Spatial Convolution) [44] is a lightweight convolution technique,
aiming at reducing computation while maintaining sufficient precision. The GSConv
principle is illustrated in Figure 7. First, we input the downsampled feature map of a
standard convolution (SC), then Depth-Separable Convolution (DSC) is utilized to the
output of the previous step. The results from these two steps are concatenated, and we
finally use shuffling to infiltrate the features produced by SC into each section of the features
produced by DSC. Shuffling represents an evenly mixed strategy. This approach facilitates
the integration of SC information into the output of DSC through the uniform exchange of
local features across different channels, and the entire process does not require cumbersome
steps. Compared with traditional convolution techniques, GSConv significantly enhances
the nonlinear representation of lightweight detectors by combining the Depth-Separable
Convolution layer and a shuffle layer. This design strengthens the network’s ability to
handle complex feature while keeping low computing requirements.

C2/2 channels

NN
— SC

input [[11]] DRNNN\IN\N RO
Cl DSC Concat —* II — shuftle —‘a ]]
channels L Li

N\ ‘\ output

C2 channels
C2/2 channels GSConv

Figure 7. GSConv module.

3.5. CFormerCGLU Module

The backbone of YOLOvV10 mainly uses the C2f module for feature extraction. The
C2f module fully takes into account abundant gradient flow information, achieving more
power feature extraction capability. Nevertheless, C2f is essentially a local operator and
still built on convolutional neural networks. By contrast, a notable attribute of attention is
its global receptive field, which enables it to effectively capture long-range dependencies
between features. Therefore, we propose the new feature extraction module CFormerCGLU
in the backbone, which boosts the model’s feature extraction ability, while addressing the
issues of large memory usage and high computational cost of the attention mechanism.

ConvFormer Block [45] is designed to allow CNN branches to learn how to extract
high-quality semantic information from transformer branches, only using convolution
operations to capture long-distance context information just like Transformer blocks. The
ConvFormer Block structure resembles that of a typical Transformer encoder, as shown on
the left in Figure 8, detailed below:
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y = Norm(f + FFN(f)), f = Norm(x 4+ ConvAttention(x)), (11)

where Norm (-) denotes batch normalization, and f, x and y represent the hidden feature,
input and output, respectively.
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Figure 8. ConvFormer module (left) and the detail of convolutional attention (right). GDN denotes
grouped double normalization. ® denotes convolution operation, @ denotes add.

Convolutional GLU (ConvGLU) [46] is a channel mixer with gated channel attention
that closes the gap between the GLU and SE mechanisms. It allows each token to gain chan-
nel attention based on its nearest neighbor image feature, which enhances local modeling
capability and robustness. Figure 9 (right) depicts the structure of the CGLU. Neverthe-
less, the weight adjustment between channels in the CGLU is implicit and lacks the ability
to model global context information. ConvFormer makes up for the deficiency. In addi-
tion, when keeping the parameter volume consistent with the Convolutional Feed-Forward
(CFFN) module with an expansion ratio of R and a convolution kernel size of k x k, the
computational complexity of ConvGLU is 2RHWC? + %RH WCK?, which is less than the
2RHWC? + RHWCK? of CFFN (Given an input X € RE*H*W) Therefore, we integrate Con-
vFormer and the CGLU to achieve the attention of the channel mixer with less parameter and
computational complexity, thus making the model more effectively extract global features.
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Figure 9. CFormerCGLU (left) and detail of CGLU (right).
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3.6. WloU v3

In UAV aerial image object detection tasks, small objects constitute the majority.
Therefore, a suitable loss function is crucial for enhancing detection accuracy. YOLOv10
employs DFL and CloU for bounding box regression loss computation, yet CloU has the
following defects: Firstly, CloU falls short in addressing the problem of sample imbalance.
Secondly, CloU utilizes the aspect ratio as a penalty factor, but in some cases, this penalty
factor may not fully reflect the true difference between the predicted box and the ground
truth box. Thirdly, the CIoU calculation formula involves inverse trigonometric functions,
increasing the model’s computational complexity. Currently, mainstream loss functions
(such as EloU [47], SIoU [48], etc.) adopt a static focusing mechanism, whereas WloU
considers factors such as overlapping area, central point distance, aspect ratio and so
on, while introducing a dynamic non-monotonic focusing mechanism. The three WloU
versions [49] are described below.

WIoU vl incorporates distance as a key attention standard. When there is a certain
degree of overlap between the object box and the predicted box, decreasing the penalty for
geometric factors significantly enhances the model’s generalization capability. The WIoU
v1 formula is as follows:

Lwiot o1 = RwriouLiour, (12)
E[ou =1- IOU, (13)
2 2
RWIOU = exp (x th) + (]/ ygt) . (14)

(Wg2 + Hg)*

where (xgt, ygt) is the true box center coordinate, and W, and Hy are the smallest enclosing

box size, while * denotes that W, and Hy are detached from the computational map.
Wilou v2 reduces the proportion of simple samples in the loss calculation by applying

the monotonic focusing coefficient £],,; to Wlou v1. The Wlou v2 formula is as follows:

N
LWioll 2 = <£;05) Lwiotr 01,7 > 0, (15)
0

where the gradient gainisr = L], € [0,1].

Wilou v3 introduces an outlier degree f for measuring anchor box quality and con-
structs a non-monotonic focusing coefficient based on . The smaller § denotes high-quality
anchor boxes and a small r is allocated to it, allowing the bounding box regression (BBR) to
focus on ordinary-quality anchor boxes. The larger 8 denotes low-quality anchor boxes and
a smaller r is allocated to it, preventing large harmful gradients from low-quality examples.
This allocation method enables the model to focus more on ordinary quality anchor boxes,
which enhances the model’s localization ability. The Wlou v3 formula is as follows:

Lwiou vz =rLwioi o1 ,7 = L (16)
ﬁ*
B= LU €0, +c0). (17)
EIOU

where § and & are hyperparameters and can be adjusted to adapt to different models.
Therefore, we use WioU v3 as a loss function. WioU v3 incorporates the advantages
of EloU and SloU, comprehensively taking into account factors such as overlapping area,
central point distance, aspect ratio and so on. Additionally, WIoU v3 employs a dynamic
non-monotonic strategy to assess the quality of anchor box, addressing the issue of bal-
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ancing BBR between samples of good and poor quality. For object detection tasks in UAV
aerial images, the high proportion of small objects increases detection challenges, while
WIoU v3 can dynamically adjust the loss weights of small objects, enhancing the model’s
generalization capability and comprehensive performance.

4. Experiment
4.1. Dataset

The VisDrone2019 dataset [50], collected and published by Tianjin University, is a
large-scale dataset of aerial images captured by drone, containing 288 video clips and
10,209 static images. This dataset covers a variety of scenarios including cities, rural areas,
highways, construction sites, etc. It also includes data gathered in diverse conditions, such
as different weather conditions, different object scales and different UAV platforms (i.e.,
different UAV models), enabling algorithms to be more adaptable and robust when facing
various challenges. Additionally, the dataset defines ten common object categories, such as
people, cars, trucks, and motors, etc., which have important research value for tasks such
as intelligent traffic management, pedestrian recognition and vehicle tracking.

Figure 10 shows part of the images from the dataset (a), the count of tags (b) and the
size of the tags (c). These figures illustrate the following characteristics and difficulties of
the dataset in object detection and recognition. As illustrated in Figure 10a, the objects to be
detected are numerous, small and easily confused. In the example scenario, it is difficult to
distinguish between the pedestrian category and the people category. From the perspective
of drone photography, the scale of objects varies greatly, and mutual occlusion is more
pronounced, posing a great challenge to the performance of the object detection algorithm.
Secondly, from Figure 10b, we can see that there is a significant difference in tag number
among various categories. The tag number for the car category reached 144,867, while
the awning—tricycle category was only 3246. The imbalanced examples among categories
proposes higher requirements for the robustness of detection models. Finally, considering
the size distribution of anchor points comprehensively, as illustrated in Figure 10c, in
addition to the large number of large-size anchors in some categories, most anchors are
within the range of 150 x 150 pixels, particularly the small objects, which are concentrated
within the 50 x 50 pixel range. Therefore, this dataset puts forward higher requirements
on the model’s ability for detecting small objects.

The whole dataset is partitioned into a training, validation and testing set, as shown
in Table 1. Specifically, the training set contains 6471 images, which are utilized for model
learning and parameter adjustment; the validation set contains 548 images, utilized for the
preliminary evaluation of model performance and hyperparameter tuning; and the testing
set consists of 1610 images, employed for the final assessment of the model’s generalization
ability and detection precision.

Table 1. The division of the dataset.

Image Number Tags Number
All 8629 457,063
Train set 6471 343,205
Val set 548 38,756
Test set 1610 75,102

4.2. Experimental Environment and Experimental Parameters

To evaluate the efficacy of MSUD-YOLO in UAV aerial image detection tasks, ablation
experiments on the MSUD-YOLO model and comparison experiments with other similar
algorithms are designed based on the VisDrone2019 dataset. To ensure the repeatability
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and accuracy of the experiment, Tables 2 and 3 provide the version and configuration infor-

mation of the environment required for the experiment, along with the related parameter
settings throughout the training phase.

predestrian All anchors's distribution
160,000 - people 800
144,867 bicycle _—
140,000 |- car 1
van 600
120,000 truck
tricycle 500 4
, 100.000 % awning-tricycle g
Q 53
= bus & _
S 80,000 [[7337 u g 400
= motor =)
A T 300
60,000 |-
40,000 |- 2007
27,059 24956 29,647 0
20,000 - 12,875
10,480 3
4,812 3 246 5,926 ol
0 I I I I I ——— I I
Categor 0 200 400 600 800 1000 1200 1400
eory Width/(Pixel)
(b) (c)

Figure 10. Analysis of VisDrone2019 dataset. (a) Part of the dataset images. (b) Distribution of tag
quantity. (c) Overall distribution of anchor sizes.

Table 2. Configuration experimental environment.

Environment Parameters
GPU Intel(R) Xeon(R) Platinum 8488C
CPU NVIDIA A100
GPU memory size 80 G
Operating system Win 10
Language Python 3.8.20
Frame Pytorch 2.4.1

CUDA version Cuda 12.1
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Table 3. Training parameters setting.

Parameters Setup
Epochs 300
Input image size 640 x 640
Batch size 16
Optimizer SGD
Initial learning rate 0.01
Final learning rate 0.0001

4.3. Assessment Indicators

This article utilizes precision (P), recall (R), mAP (mean average precision), parameters,
FPS, model size and time (inference latency time) as evaluation metrics to assess the model’s
performance. Among them, inference latency represents the time spent by the model in
processing each frame of the image, including the time of preprocessing, inference and
postprocessing. The calculation formula of assessment indicators is as follows:

.. TP
Precision = TP+ EP’ (18)
TP
1 N
mAP = NZ(P(R)dR)i. (20)

i=1
where TP, FP and FN denote true positive, false positive and false negative, respectively,
and N indicates the number of categories.

4.4. Ablation Experiment

This article first introduces the ASF structure and P2 head based on YOLOv10s and
then utilizes the GSConv and CFormerCGLU modules to lighten the network, striving to
decrease the network parameters and complexity without sacrificing precision. Finally, the
WIoU v3 loss function is introduced to enhance overall detection performance of the model.
To verify the validity of all proposed improvements, we used the Visdrone2019 dataset to
assess the influence of each improvement unit on the model on YOLOV10s in turn. This
ablation results of the proposed MSUD-YOLO are presented in Table 4 and Figure 11, with
the superior results appearing in boldface.

Table 4. Ablation results.

CFormer- WIoU P R mAP50 mAP50-95 Params Model Size Time

ASF P2 GSConv "oy V3 (%) (%) %) %) FPS  Million /MB (ms/Frame)
514 389 400 237 1315 7222 158 111

N 50 389 410 243 1889 7379 161 9.3
Y, 526 422 439 263 933 7.409 163 10.7

N 503 386 395 235 294  7.106 156 6.9

N 99 389 396 234 1327 6768 14.9 10.0

J 505 397 402 240 1315 7222 158 9.9

v Y 526 425 441 264 1580 7435 163 9.7
VAR J 521 426 436 262 1570 722 159 10.9
v . v 510 415 428 255 1314 6766 151 115
J J N J 530 420 434 256 134 6.766 151 113
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Figure 11. Normalized effect diagram of all indexes. (a) Normalization histogram of ablation
experiment. (b) Performance diagram of ablation experiment.

It can be seen from Table 4 that as ASF and P2 are added into the baseline model
separately, the accuracy metrics P, R, mAP50 and mAP50-95 exhibit a consistent upward
tendency. That is, ASF can ensure the multi-dimensional fusion quality of feature maps
of different scales, while increasing the attention of the model to multiscale features and
detailed features in complex backgrounds. To better illustrate the contribution of the ASF
structure, we provide a more detailed analysis, as shown in Table 5. The addition of layer
P2 makes the model more focused on low-level features, thereby enhancing its sensitivity to
small objects. Additionally, the design of the GSConv module and CFormerCGLU module
enables the model to obtain excellent accuracy while reducing parameters and model size.
Finally, WloU v3 utilizes its dynamic non-monotonic approach to make our model more
focused on low-quality samples, leading to a boost in model performance, with P, R and
mAPS50 improved by 3.9%, 1.2% and 1.4%, respectively, and FPS improved by 2.6 frames
per second.

Table 5. In the ablation study of ASF, “ASF w/o TEF and CPAM” indicates the removal of the TEF
and CPAM module, and “ASF w /o SSFF and CPAM” indicates the removal of the SSFF and CPAM
module, while ASF w/o CPAM indicates that only the CPAM module is removed.

Model

P (%) R (%) mAP50 (%) mAP50-95 (%) Params/Million

ASF w/o TEF and CPAM 51.0 38.8 40.2 23.7 7.337
ASF w /o0 SSFF and CPAM 51.3 39.2 40.7 24.0 7.263
ASF w/o CPAM

ASF

51.6 38.7 40.8 24.2 7.365
52.0 38.9 41.0 243 7.379

Overall, the optimized model parameters and model size outperformed the baseline
model, with mAP50 improving by 8.5% and FPS improving by 2.5 frames per second.
Among all the improvement strategies, P and parameters have the best performance. It
shows that this suggested strategy is effective when the detection scene needs to consider
both precision and speed.

In addition, Figure 11 intuitively presents the performance of each indicator of MSUD-
YOLO and the comprehensive performance of the entire model. (All data in the figure
are normalized. The closer the parameters of model size and time indexes are closer to 0,
the better. The closer P, R, mAP50, mAP50-95 and FPS are to 1, the better.) A to ] denote
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the ten models in Table 3, respectively. It is clear from Figure 11a that while the improved
model integrating ASF and P2 boasts the most outstanding detection precision, it leaves
room for enhancement regarding its parameters and model size. Model ] proposed in this
article demonstrates the most balanced performance results. In particular, the radar chart
in Figure 11b illustrates that model ] has the best overall performance.

4.5. Compare Experiment

To further evaluate the superiority of MSUD-YOLO, this paper selects to compare
it against the classical two-stage detection algorithm Faster R-CNN, the one-stage de-
tection algorithm CenterNet [51] and several enhanced versions of YOLO. The latter in-
cludes YOLOvV3, YOLOv4s, YOLOv5s, YOLOv8s, ASF-YOLO, MFFCI-YOLOVS [52], LUD-
YOLO [35] and YOLOv10s. Table 6 summarizes the experimental results of 11 comparison
algorithms, including the proposed MSUD-YOLO in this paper, and the optimal outcomes
appear in boldface. All experimental models were trained without setting pre-training
weights, which can effectively avoid overfitting during training. Due to inconsistencies
in experimental environments and hardware conditions among some models, leading to
unaligned comparison dimensions such as FPS metrics, etc. we therefore only use the
parameters and mAP50 (for 10 categories) data of each model for comparison in our experi-
ments to better reflect the experimental data under the same environment. On the whole,
these two indexes can reflect the diversity in precision and complexity of each model.

Table 6. Performance comparison between MSUD-YOLO and other algorithms.

mAP50 (%)

Params
Model 1s
/Million  pedestrain People Bicycle Car Van Truck Tricycle ATricycle Bus Motor All
Faster R-CNN  41.100 21.4 15.6 6.7 51.7 295 19.0 13.1 7.7 314 207 217
CenterNet 41.700 22.6 20.6 14.6 59.7 240 213 20.1 17.4 379 237 262

YOLOvV3 61.546 49.6 39.7 19.2 784 409 384 26.6 13.6 554 458 407

YOLOv4s 9.135 42.4 32.9 8.4 742 332 248 17.3 9.9 362 315 318

YOLOV5s 9.153 42.9 32.8 12.8 794 448 364 29.5 14.2 553 444 393

YOLOV8s 11.129 42.9 32.9 14.5 796 449 346 27.3 15.2 553 444 392

MFFCI-

YOLOVS 10.260 42.7 33.3 13.4 80.5 469 384 314 16.6 58.6 446  40.6
ASF-YOLO 7.600 48.4 39.0 13.9 821 472 333 28.5 16.4 57.0 485 414
LUD-YOLO 10.340 44.8 34.3 14.5 809 484 29.8 29.8 16.9 62.2 462 417
YOLOvV10s 7.222 43.4 34.7 13.8 80.1 453 36.0 28.3 16.4 558 457  40.0

MSUD-YOLO 6.766 48.0 39.8 17.5 84.0 470 374 30.9 15.8 60.0 52.7 434

As shown in Table 6, in comparison to Faster R-CNN and CenterNet, MSUD-YOLO's
parameters are only 1/6 of those of these two models, but the overall mAP50 is increased
by 100% and 65.6%, respectively. So, it illustrates that our proposed model obtains optimal
outcomes regarding mAP50 and parameters. Meanwhile, in contrast to typical YOLO mod-
els such as YOLOvV3, YOLOv4s, YOLOv5s, YOLOvS8s and YOLOv10s, the parameters of the
proposed MSUD-YOLO model in this article are smaller than the aforementioned models, a
mere 6.766 MB, yet the overall mAP50 reaches 43.6%, outperforming the comparison mod-
els YOLOv3 (+2.73), YOLOv4s (+11.6), YOLOv5s (+4.1), YOLOVSs (+4.2) and YOLOv10s
(+3.43), respectively. Compared with YOLOv10s, MSUD-YOLO showed a slight decrease
in mAP on the awning-tricycle category, which has the fewest labels, but the mAP50 of the
other nine categories improved, suggesting that the model has better robustness when de-
tecting objects of different scales. Likewise, in relation to other state-of-the-art models, such
as ASF-YOLO, MFFCI-YOLOvS8 and LUD-YOLO, the proposed MSUD-YOLO model in this
paper demonstrates better performance in terms of parameters and mAP50, outperforming
ASF-YOLO (—0.834, +2.0), MFFCI-YOLOVS8 (—3.494, +2.8) and LUD-YOLO (—3.574, +1.7).
In particular, although we adopted the key modules of ASF-YOLO, our model has smaller
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parameters and higher accuracy compared to ASF-YOLO, and the detection accuracy of
most categories is superior to that of ASE-YOLO.

To clearly display the assessment outcomes of the aforementioned 11 algorithms for
various categories, this study employs the normalized histogram of indicators to illustrate
the comparative experiment, as depicted in Figure 12 (the evaluation criteria of indicators
in the figure are the same as those in Figure 11). We can obviously see that the mAP50 and
parameters of the MSUD-YOLO model are far superior to the other 10 comparison models,
which further indicates that the proposed strategy can improve precision while reducing
model complexity.
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Figure 12. Normalization histogram of comparison experiment.

In summary, the MSUD-YOLO algorithm proposed in this article has high detection
accuracy, strong adaptability and robustness when dealing with UAV aerial image object
detection tasks. Meanwhile, deployment in drone embedded devices is also easier, which
has high potential and advantages in practical applications.

4.6. Visual Experiment

To further evaluate the efficacy of MSUD-YOLO, we conducted visual experiments on
the testing set, with the results displayed in Figure 13. In the experiments, various types of
detection scenes including complex backgrounds (e.g., occlusion, nighttime, dark light),
dense overlapping, small objects, different shooting heights and angles were selected as
detection samples to compare the detection performance of YOLOv10s and MSUD-YOLO.
The red dashed box in the figure indicates the comparison area for this experiment. It
can be seen that the proposed model in our paper can well complete the detection task of
various objects, and it can correctly recognize and locate objects in various scenarios.
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Figure 13. Comparison results of visualization experiments on VisDrone2019 dataset. (a) Initial
image. (b) YOLOvV10s. (c) MSUD-YOLO.

As illustrated in Figure 13, the first column is the scenario with densely overlapping
objects. From Figure 13b,c, it is obvious that when objects present as dense and overlapping,
YOLOvV10s only recognizes a small number of objects, or even no objects. However, the
improved model accurately identified pedestrians with dense overlaps. Even in corners
with poor light conditions, MSUD-YOLO has excellent detection results. The second
column is the intersection scene, in which the object to be detected presents multiscale
changes. As can be seen from the red dotted line box in the figure, YOLOv10s missed
the detection of many smaller objects, while our model accurately identified small-scale
pedestrians and motors, thus verifying the effectiveness of our model in solving multiscale
problems. The third and fourth columns are complex scenes such as night and occlusion,
respectively. As shown in Figure 13a,b of the third column, YOLOv10s failed to recognize
objects in complex backgrounds, misidentified pedestrians as crowds, and missed tricycles
in poor lighting places. The improved model not only correctly identifies the object category
but also has higher accuracy. In addition, our model also has a good detection effect in the
occlusion scene, which proves its adaptability in different environmental conditions.

5. Conclusions

At present, the challenges of multiple scales, small objects, complex backgrounds and
dense overlapping often arise when using UAVs for object detection. To address these
problems, this paper proposes MSUD-YOLO for precise and efficient object detection in
UAV aerial images. MSUD-YOLO replaces the PANet structure of YOLOv10s with the
ASF, which merges spatial and scale features to achieve precise detection of multiscale
objects in complex backgrounds. Meanwhile, the feature structure and prediction head
specially designed for small objects are combined to solve the detection problem of small
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objects in aerial images. Furthermore, by integrating the CFormerCGLU and GSConv
modules, the improved model not only improves its feature extraction capability but also
lowers computational cost. Lastly, the WIoU v3 loss function is used, incorporating a
gradient allocation method to make our model more focused on low-quality examples,
which improves the model’s overall performance. The experimental results illustrate that
compared with YOLOv10s, MSUD-YOLO has achieved better detection performance on
the VisDrone2019 dataset. Specifically, mAP50 is increased by 8.5%, mAP50-95 is increased
by 7.4%, the speed is 8.0% faster, the parameters are decreased by 6.3% and the model size
is reduced by 4.4%. Furthermore, in comparison with multiple latest UAV object detection
algorithms, our MSUD-YOLO model demonstrates the best comprehensive performance,
providing a more efficient solution for the high-precision detection of UAV aerial image
object under complex background.

This paper proposes a multiscale small object detection model suitable for UAVs, but
it is only applicable to scenarios with a large amount of labeled data. In the future, we will
explore methods of few-shot learning or unsupervised learning and study how to improve
the model’s detection accuracy with a small amount of labeled data or even no labeled data,
thereby reducing the model’s dependence on a large amount of labeled data. In addition,
we will continue to be committed to enhancing the lightweight and processing speed of
the model, so that when the model is embedded in unmanned aerial vehicles to perform
related tasks, it can achieve faster, more accurate and more scenario object detection.
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