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Abstract: UAV multitarget detection plays a pivotal role in civil and military fields. Although deep
learning methods provide a more effective solution to this task, changes in target size, shape change,
occlusion, and lighting conditions from the perspective of drones still bring great challenges to
research in this field. Based on the above problems, this paper proposes an aerial image detection
model with excellent performance and strong robustness. First, in view of the common problem that
small targets in aerial images are prone to misdetection and missed detection, the idea of Bi-PAN-FPN
is introduced to improve the neck part in YOLOv8-s. By fully considering and reusing multiscale
features, a more advanced and complete feature fusion process is achieved while maintaining the
parameter cost as much as possible. Second, the GhostblockV2 structure is used in the backbone of the
benchmark model to replace part of the C2f module, which suppresses information loss during long-
distance feature transmission while significantly reducing the number of model parameters; finally,
WiseIoU loss is used as bounding box regression loss, combined with a dynamic nonmonotonic
focusing mechanism, and the quality of anchor boxes is evaluated by using “outlier” so that the
detector takes into account different quality anchor boxes to improve the overall performance of
the detection task. The algorithm’s performance is compared and evaluated on the VisDrone2019
dataset, which is widely used worldwide, and a detailed ablation experiment, contrast experiment,
interpretability experiment, and self-built dataset experiment are designed to verify the effectiveness
and feasibility of the proposed model. The results show that the proposed aerial image detection
model has achieved obvious results and advantages in various experiments, which provides a new
idea for the deployment of deep learning in the field of UAV multitarget detection.

Keywords: UAV; multitarget detection; deep learning; YOLOv8-s; feature fusion

1. Introduction

The combination of UAV aerial imagery and deep learning detection technology has
become a hot research direction today [1–3]. Due to the characteristics of maneuverability
and flexibility, and the ability to overcome the limitations of natural conditions such as
the environment and terrain, UAV monitoring has the advantages of a wide monitoring
area, high efficiency, and low cost [4,5]. However, deep learning models have always been
difficult to deploy in practical UAV object detection tasks [6–8]. The reasons are mainly due
to two points: on the one hand, the aerial photography images of UAVs are different from
ground photography and have the characteristics of large scenes, small targets, being mul-
tiscale, having complex backgrounds [9], and overlapping occlusions [10–12]. It is difficult
to accurately detect specific objects; on the other hand, such detection tasks often require
the realization of inference processes in embedded devices and have high requirements
for accuracy and real-time performance. Complex object detection models are difficult to
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deploy in edge devices, and lightweight object detectors have difficulty improving accu-
racy [13–15]. These factors hinder the development of deep learning methods in the field
of UAV multitarget detection. In June 2021, at the Global Artificial Intelligence Technology
Conference 2021 (GAITC 2021), the Tencent Youtu Lab, and Xiamen University Artificial
Intelligence Research Institute officially released the “Top Ten Artificial Intelligence Trends
in 2021”, pointing out that meeting low edge-end models with computational complexity
and small model size will gradually become a new tool for enterprises to reduce costs and
increase efficiency. It is foreseeable that in the future, increasingly more intelligent enter-
prises will face a new stage, from rapid expansion in the early stage to efficient operation,
and in this process, the marginalized deployment of deep models will undoubtedly become
an important means for them. Therefore, it is of great practical significance to design a
model that takes into account both detection accuracy and light weight to compensate for
the bottleneck of deep learning in the application of UAV aerial images. This paper focuses
on the above problems and improves the versatility and effectiveness of a multitarget
detection model of UAV aerial images.

The following are the main contributions of this work:

1. From the perspective of paying attention to large-size feature maps and introducing
the idea of Bi-PAN-FPN, this work improves the detection ability of the model for
small targets, and at the same time increases the probability and time of multiscale
feature fusion to obtain better feature engineering. This solves the common problem
of easy misdetection and missed detection of small targets in aerial images;

2. Optimizes the backbone network and loss function of the model. The Ghostblock unit
and Wise-IoU bounding box regression loss are integrated to improve the generaliza-
tion performance of the model from the perspectives of feature diversity, long-distance
capture of feature information, and avoidance of excessive penalty of geometric fac-
tors. Suppresses the number of parameters of the model while improving the accuracy
of the model. This solves the long-range information loss problem and the balance
problem of predicting anchors;

3. The feasibility and effectiveness of the constructed model are verified using ablation
experiments. Compared with the original benchmark network, the MAP performance
of the model on the international open-source dataset VisDrone2019 is improved by
9.06% (test set), the number of parameters is reduced by 13.21% (test set), and the
comprehensive ability is improved significantly.

4. The proposed model is compared with six current most mainstream and advanced
deep object detection models to prove the superiority of our proposed model. Further-
more, comparing the interpretability of three excellent models illustrates the reason
for the superiority of this method.

The rest of this paper is organized as follows: Section 2 reviews previous related work.
Section 3 presents an improved aerial image detection model and details the structure and
working mechanism of the model. Section 4 first introduces the experimental environment
and parameter settings and then conducts ablation experiments, comparison experiments,
and interpretability experiments on the international open-source dataset VisDrone2019 to
comprehensively verify the feasibility of the proposed method. Section 5 summarizes the
results of the full text and looks forward to future research directions.

2. Related Work

Target detection from the perspective of UAVs faces many challenges while being
widely used, which has profound practical and research significance. With the continuous
progress of target detection technology, some effective methods have emerged for UAV
image detection tasks [16–20]. For example, reference [16] proposed a drone image object
detection method called UFPMP-Net. In this method, considering the characteristics of
UAV datasets that are small in scale and single-scene compared with natural image datasets,
the unified foreground packing (UFP) module was designed to cluster the subregions given
by the coarse detector to suppress the background. The resulting images were thereafter
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assembled into a mosaic for single inference, which significantly reduced the overall time
cost and improved the accuracy and efficiency of the detector. Reference [17] aimed at the
problem of small target detection in UAV images, proposing a high-resolution detection
network (HRDNet). This network solved the problem that high-resolution images input
to the network can lead to increased computational cost. The network uses two feature
fusion methods, a multidepth image pyramid network (MD-IPN) and a multiscale feature
pyramid network (MS-FPN), to fully optimize feature engineering. It feeds high-resolution
features into a shallow network to reduce computational cost, while low-resolution features
are fed into a deep network to extract more semantics. This processing method enables the
network to improve accuracy in high-resolution image training mode and reduce the harsh
requirements for hardware. Reference [18] proposed a cross-modality fusion transformer
(CFT) combined with an attention mechanism, an efficient cross-modal feature fusion
idea. This method extracts image features based on the transform architecture, which
enables the network to focus on global contextual features. In addition, by designing an
attention mechanism, the network can simultaneously perform intramodal and intermodal
fusion. This significantly improves the comprehensive performance of multispectral target
detection in aerial images. Experiments show that the method has excellent generalization
ability and robustness in a large number of datasets. Reference [19] observed that the
targets under aerial photography have the characteristic of high clustering. It proposed a
clustered detection (ClusDet) network, which completes the end-to-end detection process by
designing a cluster proposal subnetwork (CPNet), a scale estimation subnetwork (ScaleNet),
and a dedicated detection network (DetecNet). When monitoring begins, the network
focuses on aggregated regions rather than directly detecting individual targets. After that,
it is cropped and sent to the fine detector for further detection, which solves the problem
of small target aggregation and uneven distribution in UAV images to a certain extent.
Reference [20] proposed a feature fusion and scaling-based single shot detector (FS-SSD)
to quickly and accurately detect small objects from aerial angles. The method was based
on the SSD detector, which adjusts the feature fusion module by adding an extra branch
of the deconvolution module and average pooling to form a special feature pyramid. In
addition, the method combines the spatial relationship of objects with the detection task,
which further improves the detection accuracy.

Although advanced target detection methods have played a crucial role in promoting
UAV multitarget detection tasks, most of these methods require huge memory overhead
and computing requirements, and it is difficult to directly deploy in low-power image
processors, such as edge devices. The emergence of YOLO series detection networks has
solved this problem. This series of models has currently iterated through eight official
versions and multiple branch versions [21]. The standard YOLO model can usually be
divided into three parts: backbone, neck, and head. Among them, backbone is a feature
extraction network which is used to extract feature information from images [22,23]; neck
can fuse the features extracted from backbone, making the features learned by the network
more diverse and improving the performance of the detection network; head can make
accurate predictions by utilizing previous high-quality feature engineering. Almost every
generation of YOLO models has made corresponding improvements and enhancements
in these three structures. Due to their outstanding performance in detection accuracy
and speed, the YOLO series models have been widely used in industries, remote sensing,
transportation, medicine, and other fields [24]. At present, scholars have conducted corre-
sponding research on the application of YOLO and other lightweight models in the field of
UAV aerial image recognition [25–28]. For example, in reference [25], aiming at the contra-
dictory problem that the resources of the UAV deployment platform are limited but the
requirements for real-time reasoning are relatively high, an adaptive model compression
method was proposed to reduce the number of parameters and computation of the model.
By designing a “transfer factor” in the process of model pruning, this method can judge
whether to prune a certain type of channel through the scale factor and can appropriately
suppress the effect of pruning on the subsequent structure through the transfer factor.
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Thus, the model can automatically prune the convolutional layer channels. The method is
validated in the YOLOv3-SPP3 model. Reference [26] focused on improving the inference
speed of the deep model by comparing the accuracy and real-time performance of several
common detection frameworks; the UAV aerial image detection model UAV-Net was finally
built on the basis of SSD. Due to the improvement of the backbone and neck and the use of
the automatic pruning method, the size of the model is only 0.4 MB, which has excellent
universality. To address the balance between detection accuracy and computational cost,
reference [27] proposed a new large-scale marine target detection method for UAVs based
on YOLOv5. On the one hand, the algorithm introduces the transformer idea to enhance
feature engineering, which improves the detection accuracy of small objects and occluded
objects; on the other hand, the use of linear transformation with a simple structure and fast
calculation replaces part of the convolution structure, reducing the number of parameters
of the model. The experimental results show that compared with other advanced models,
this method has certain advantages in detection accuracy, recall rate, average precision,
and number of parameters. Reference [28] proposed an insulator defect detection method
that integrates mobile edge computing and deep learning. This method is based on the
YOLOv4 detector and uses the lightweight network MobilieNetv3 to replace the original
backbone, which greatly reduces the network parameters. In addition, by improving the
activation function in MobilieNetv3 and optimizing the loss function of the model, the
comprehensive quality of model checking is further improved. In addition, due to the
introduction of the particle swarm optimization idea, the algorithm can efficiently split the
deep neural network within limited time and computing resources.

3. Improved Aerial Image Detection Model

In this paper, a UAV aerial image detection model with both detection accuracy and
speed is constructed from the following three aspects: First, aiming at the common problem
that small targets in aerial images are prone to misdetection and missed detection, the path
aggregation network-feature pyramid networks (PAN-FPN) in YOLOv8 is replaced with
bidirectional path aggregation network-feature pyramid networks (Bi-PAN-FPN), and an
upsampling process is added to focus on small target features. By fully considering and
reusing multi-scale features, we achieve more advanced and comprehensive feature fusion
while maintaining parameter costs as much as possible. Second, considering that a small
number of parameters have been added in the improvement of FPN, it is proposed to use
the GhostblockV2 structure to replace some C2f modules in backbone, which suppresses
information loss during long-distance feature transmission while significantly reducing
the number of model parameters. Finally, the bounding box regression loss replaces CIoU
loss in WiseIoU loss with WiseIoU loss. It incorporates a dynamic nonmonotonic focusing
mechanism to evaluate anchor box quality by using “outlier” so that the detector takes into
account anchor boxes of different qualities and improves the overall performance of the
detection task.

3.1. Improvement of the Neck

In YOLOv8, feature maps are divided into five types of scale features in descending
order, which are represented as B1–B5, P3–P5, and N4–N5 in backbone, FPN [29], and
PAN [30] structures, respectively. The PAN-FPN structure used by the original YOLOv8 is a
complement to the traditional FPN, which uses a top-down form to transfer deep semantic
features. By fusing B3–P3 and B4–P4, the feature pyramid is semantically enhanced,
resulting in a certain degree of loss of positioning information. PAN-FPN supplements
the bottom-up structure behind the FPN, and the fusion of P4–N4 and P5–N5 is used to
strengthen the learning of localization features to achieve a complementary effect. However,
there is room for improvement when such a structure is applied to small target object
detection: on the one hand, due to the lack of attention to large-scale feature maps, the
detection model may ignore some useful features and reduce the detection quality; on the
other hand, even if the fusion and supplementation of B, P, and N features are considered,
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the reuse rate of features is low, and the original features lose some information after a long
upsampling and downsampling path. Therefore, the following adjustments were made to
the neck structure for the UAV aerial photography dataset:

First, we refocused on large-scale feature maps. An upsampling process was added to
the FPN and fused with the B2 layer features in backbone to improve the detection effect of
small targets. Similar to the previous upsampling process in FPN, the C2f module was used
to further improve the quality of feature extraction after feature fusion. The C2f module is
an improvement on the original C3 module, which mainly refers to the advantage of the
ELAN structure in YOLOv7 with richer gradient information. This module reduces one
standard convolutional layer and makes full use of the bottleneck module to expand the
gradient branch to obtain richer gradient flow information while ensuring light weight. Its
basic structure is shown in Figure 1.
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Second, we introduced the idea of Bi-PAN-FPN [31]. The core idea of this structure is
to improve the probability and times of multiscale feature fusion to obtain higher detection
accuracy. Its implementation steps are as follows: For feature maps with only one input
path, no other processing is performed. Normally, such features have a low contribution to
feature engineering. For feature maps with two input paths, if the size of the feature maps
is the same, an additional path is added from the features in backbone, and the features in
PAN are fused. Such a processing method does not add additional parameter cost. Finally,
treat each bidirectional (top–bottom and bottom–top) path as a unit and reuse this unit
multiple times to improve blending. Considering the light weight of the model, only extra
paths of B3–N3 and B4–N4 were added here, and only one unit was used. This process can
be expressed as follows:

Nout
5 = C2 f (Concate(Conv(Nin

5 ), Bout
5 ), n) (1)

Nout
i = C2 f (Concate(Conv(Nin

i ), Bout
i , Pout

i ), n) (2)

where C2f and Conv are the corresponding module operations; B, P, and N correspond to
the feature maps at backbone, FPN, and PAN, respectively; n represents the number of
uses of C2f ; and i takes the value three or four. The structure of the entire neck is shown in
Figure 2.
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3.2. Improvement of the Backbone

The conventional convolution module and C2f module were used in YOLOv8 to
achieve high-quality feature extraction and downsampling of images. However, due to the
addition of an upsampling process in the neck part and the use of Bi-PAN-FPN, the number
of parameters and complexity of the model were increased to a certain extent. This article
will introduce the Ghostblock idea in backbone and use this structure to replace some C2f
modules. Ghostblock is an optimization method for lightweight convolution GhostNet [32].
Its advantages are mainly reflected in two parts. On the one hand, Ghostblock follows the
essence of GhostNet. It first uses conventional convolution to generate the original feature
map and then combines various linear transformation operations to enhance the feature
map’s information. This ensures feature diversity while efficiently extracting features. On
the other hand, a decoupled fully connected (DFC) attention mechanism is proposed [33].
Through its particularity, this mechanism avoids the limitations of traditional attention
algorithms in terms of computational complexity and captures feature information over
long distances. The advantages of the structure improve the quality of feature engineering
of the entire structure. Specifically, the convolution form used in GhostNet is called the
cheap operation. Its implementation process is shown in Equations (3) and (4):

Y′ = X ∗ F1∗1 (3)

Y = Concat([Y′, Y′ ∗ Fdp]) (4)

where X ∈ RC,H,W , Y ∈ RC′out ,H,W ; F1∗1 represents pointwise convolution; Fdp represents
depth-wise convolution; and C′out ≤ Cout. Unlike conventional convolution, at the be-
ginning of the implementation of the cheap operation, only pointwise convolution is
considered to obtain a feature map smaller than the actual output standard in proportion
(one-half by default), and then depth-wise convolution acts on these feature maps to achieve
a linear transformation process. Finally, the feature maps of the two steps are spliced to
obtain the output result. This processing method significantly reduces the parameter cost
and computational cost by reusing features and discards redundant information that may
exist in conventional convolutions. However, the drawbacks of doing so are also obvi-
ous: pointwise convolution loses the interaction process with other pixels in space, which
results in only the feature map obtained using depth-wise convolution capturing spatial
information. The representation of spatial information will be significantly weakened, thus
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affecting the detection accuracy of the model. In addition, the convolutional structure can
only focus on local information, but the self-attention mechanism that can focus on global
information can easily increase the complexity of the model.

The DFC attention mechanism can improve the above problems well. The core
idea is to directly use a deeply separable structure with a simple structure to obtain
the attention map with global information. The specific calculation process is shown in
Equations (5) and (6).

α′hw =
H

∑
h′=1

FH
h,h′ω � Xh′ω, h = 1, 2, · · ·, H, ω =1, 2, · · ·, W (5)

αhw =
W

∑
ω′=1

FW
ω,hω′ � α′hω′ , h = 1, 2, · · ·, H, ω = 1, 2, · · ·, W (6)

where X ∈ RC,H,W , which is consistent with the input in Equation (3); F is a depth-
wise separable convolution process divided into horizontal (KW ∗ 1) and vertical (1 ∗ KH)
directions; α′ is the attention map in the vertical direction; α is the attention map based on
α′ in the horizontal direction. The decoupling of the two directions greatly simplifies the
process of extracting global information of features. At the same time, due to the use of deep
separable structures such as 1 ∗KH and KW ∗ 1, the complexity of the DFC is greatly reduced
(full connection: O(H2W + HW2); DFC: O(KH HW + KW HW)). Ghostblock combines
cheap operation with DFC, which greatly reduces the complexity of the model while taking
into account the global information of features. Its structure is shown in Figure 3.
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3.3. Improvement of the Loss Function

Due to the use of the anchor-free idea, the loss function of YOLOv8 has been greatly
changed from that of the YOLOv5 series. Its optimization direction consists of two parts,
namely, classification and regression. The classification loss still uses binary cross entropy
loss (BCEL), and the regression part uses distribution focal loss (DFL) and bounding box
regression loss (BBRL). The complete loss function can be expressed as:

floss = λ1 fBCEL + λ2 fDFL + λ3 fBBRL (7)
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Among them, the prediction category loss is essentially the cross entropy loss, and the
expression is:

fBCEL = weight[class](−x[class] + log(∑
j

exp(x[j]))) (8)

where class is the number of categories; weight[class] denotes the weights for each class;
and x is the probability value after sigmoid activation. DFL is an optimization of the focal
loss function, which generalizes the discrete results of classification into continuous results
through integration. The expression is:

fDFL(Si, Si+1) = −((yi+1 − y) log(Si) + (y− yi) log(Si+1)) (9)

where yi, yi+1 represents the values from the left and right sides near the consecutive labels
y, satisfying yi < y < yi+1, y = ∑n

i=0 P(yi)yi; among the equation, P can be implemented
through a softmax layer, P(yi), that is, Si.

Different from the CIoU loss used in YoloV8, the Wise-IoU loss function is used here
as the bounding box regression loss [34]. On the one hand, when the labeling quality of
the training data is low, the loss function combines a dynamic nonmonotonic focusing
mechanism to evaluate the quality of the anchor frame by using the “outlier” to avoid
excessive penalties for geometric factors (such as distance and aspect ratio) to the model.
On the other hand, when the prediction box has a high degree of coincidence with the target
box, the loss function makes the model obtain better generalization ability with less training
intervention by weakening the penalty of geometric factors. Based on this, this paper uses
Wise-IoU v3 with a two-layer attention mechanism and a dynamic nonmonotonic FM
mechanism. Its expression is as follows:

fBBRL= (1− Wi Hi
Su

) exp(
(xp − xgt)

2 + (yp − ygt)
2

(W2
g + H2

g)
∗ )γ (10)

γ = β/δαβ−δ (11)

where β indicates the degree of abnormality of the predicted box, and a smaller degree
of abnormality means that the quality of the anchor box is higher. Therefore, using β
to construct a nonmonotonic focal number can assign small gradient gains to prediction
boxes with large outliers, effectively reducing harmful gradients of low-quality training
samples; α and δ are hyperparameters. The meanings of the other parameters are shown
in Figure 4. xp and yp represent the coordinate values of the prediction box, while xgt
and ygt represent the coordinate values of the Ground truth. The corresponding H and W
values represent the width and height of the two boxes, respectively. It can be seen that
Su = wh + wgthgt −Wi Hi.

To date, the improved aerial image detection model based on Yolov8 is shown in
Figure 5. Compared with the original YOLOv8, the neck, backbone, and loss functions
have been improved. The specific changes are located in the graphic labels in the figure.
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4. Results
4.1. Dataset and Its Preprocessing

Selected for this paper, VisDrone, an authoritative dataset in the field of international
drone vision, is used as an experimental verification object. At present, drones have been
widely used in various fields, such as agriculture, aerial photography, and personalized
monitoring. Due to the comprehensive influence of shooting angle, light, background, and
other factors, intelligent understanding of UAV visual data is more difficult than conven-
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tional computer vision tasks. The VisDrone2019 dataset was collected by the AISKYEYE
team at the Machine Learning and Data Mining Laboratory of Tianjin University, China [35].
This dataset consists of 288 video clips, including 261,908 frames and 10,209 still images.
The dataset uses a variety of drones for multiscene, multitask shooting, including locations
(taken from 14 different cities in China separated by thousands of kilometers), environ-
ments (urban and rural), objects (pedestrians, vehicles, bicycles, etc.), density (sparse and
crowded scenes), weather (sunny and cloudy), and lighting conditions (day and night).
Unlike conventional detection datasets, each image may contain hundreds of objects to be
detected, and the dataset contains a total of 2.6 million manual annotations of bounding
boxes. In addition, VisDrone provides some important attributes such as scene visibility,
object class, and occlusion to improve the utilization of data in various tasks. Some data
examples are shown in Figure 6.
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There are 10 categories of objects in the dataset. This paper divides the entire dataset
into a training set (6471 samples), validation set (548 samples), and test set (1610 samples)
according to the dataset division method of the VisDrone 2019 challenge. Considering
that the sample image contains a large number of small targets, to make the detection
process take into account the requirements of real-time and accuracy, the sample size was
normalized to 640 × 640. Such a size can make the model truly deployable to edge devices
without destroying too much of the useful information of the image. In terms of hardware
and software, we used an Intel(R) Core(TM) i9-12,900 K processor, 16 cores, and 24 threads,
a main frequency of 3.19 GHz, 32 GB running memory, graphics processor GeForce RTX
3090Ti, and 24 GB video memory; the deep learning model framework used Pytorch1.9.1
and Torchvision 0.10.1; YOLOV8’s benchmark version was Ultralytics 8.0.25. To ensure the
fairness and comparability of the model effects, all ablation experiments and various model
training processes in the comparison experiments did not use any pretraining weights. In
addition, considering that only edge devices can be used to realize real-time target detection
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and reasoning on UAVs, such limitations require a small number of model parameters, less
memory occupation, and a short inference time. Therefore, YOLOv8-s was used as the
benchmark model for improvement and promotion. This model follows all the ideas of
the v8 series and is only scaled in network width and depth. The important parameters
of the training process were set as shown in Table 1. In the table, image scale, image
flip left-right, mosaic, and image translation are all data enhancement methods, and the
following parameters indicate the probability of their occurrence.

Table 1. Training parameter setting table.

Parameters Setup

Epochs 150
Batch Size 8
Optimizer SGD
NMS IoU 0.7

Initial Learning Rate 1 × 10−2

Final Learning Rate 1 × 10−4

Momentum 0.937
Weight-Decay 5 × 10−4

Image Scale 0.5
Image Flip Left-Right 0.5

Mosaic 1.0
Image Translation 0.1

α (Wise-IoU) 1.9
δ (Wise-IoU) 3
Close Mosaic Last 10 epochs

4.2. Ablation Experiment

The aerial image detection model designed in this paper mainly improves the neck
and backbone parts of the benchmark model (YOLOv8-s) and uses WiseIoU instead of
CIoU as the bounding box regression loss in the final loss function. To systematically
analyze the improvement of the model performance of each unit, the benchmark model A,
the improved model A + B (neck), the improved model A + B + C (neck, backbone), and the
improved model A + B + C + D (neck, backbone, loss function) are defined in turn, and the
changes in the evaluation indicators of the four models are quantitatively explored. The
experiment used precision rate (P), recall rate (R), average precision (AP), mean value of
average precision (mAP), frames per second (FPS), number of parameters, and model size
as evaluation indices. The experimental results of the model on the validation set and test
set are shown in Tables 2 and 3 and Figure 7.

Table 2. Experimental results of ablation of various categories of indicators.

Classification Data Set Indicators A A + B A + B + C A + B + C + D

Pedestrian

Val
P 0.492 0.544 0.560 0.574
R 0.403 0.414 0.424 0.424

AP 0.416 0.444 0.459 0.467

Test
P 0.478 0.514 0.519 0.546
R 0.251 0.269 0.279 0.270

AP 0.265 0.287 0.299 0.300

People

Val
P 0.525 0.579 0.582 0.586
R 0.281 0.268 0.295 0.305

AP 0.315 0.330 0.350 0.360

Test
P 0.468 0.486 0.488 0.518
R 0.099 0.109 0.120 0.117

AP 0.134 0.147 0.152 0.158
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Table 2. Cont.

Classification Data Set Indicators A A + B A + B + C A + B + C + D

Bicycle

Val
P 0.255 0.273 0.310 0.286
R 0.134 0.146 0.176 0.160

AP 0.113 0.133 0.151 0.140

Test
P 0.271 0.275 0.278 0.277
R 0.101 0.106 0.138 0.114

AP 0.092 0.095 0.110 0.106

Car

Val
P 0.713 0.738 0.754 0.761
R 0.773 0.772 0.782 0.780

AP 0.795 0.803 0.814 0.814

Test
P 0.674 0.688 0.692 0.707
R 0.715 0.723 0.735 0.724

AP 0.715 0.728 0.735 0.734

Van

Val
P 0.527 0.514 0.525 0.536
R 0.449 0.457 0.479 0.490

AP 0.458 0.464 0.477 0.487

Test
P 0.387 0.404 0.390 0.414
R 0.416 0.437 0.457 0.443

AP 0.366 0.395 0.393 0.391

Truck

Val
P 0.481 0.514 0.503 0.522
R 0.372 0.377 0.383 0.385

AP 0.363 0.382 0.380 0.391

Test
P 0.402 0.383 0.397 0.422
R 0.411 0.419 0.437 0.439

AP 0.367 0.369 0.378 0.385

Tricycle

Val
P 0.406 0.441 0.451 0.446
R 0.314 0.297 0.314 0.316

AP 0.278 0.279 0.306 0.315

Test
P 0.229 0.249 0.264 0.277
R 0.253 0.283 0.308 0.291

AP 0.146 0.178 0.201 0.187

Awning-
tricycle

Val
P 0.324 0.322 0.302 0.310
R 0.192 0.188 0.173 0.207

AP 0.153 0.161 0.167 0.182

Test
P 0.355 0.412 0.359 0.382
R 0.207 0.237 0.222 0.231

AP 0.166 0.204 0.189 0.214

Bus

Val
P 0.637 0.647 0.672 0.661
R 0.486 0.558 0.574 0.574

AP 0.569 0.577 0.602 0.584

Test
P 0.639 0.663 0.662 0.669
R 0.535 0.549 0.556 0.538

AP 0.558 0.585 0.588 0.580

Motor

Val
P 0.529 0.554 0.560 0.566
R 0.435 0.429 0.456 0.463

AP 0.446 0.452 0.473 0.481

Test
P 0.415 0.435 0.442 0.462
R 0.315 0.325 0.346 0.350

AP 0.276 0.293 0.310 0.316
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Table 3. Overall index ablation experiment results.

Data Set Indicators A A + B A + B + C A + B + C + D

Val
P 0.489 0.513 0.522 0.525
R 0.384 0.391 0.406 0.410

MAP 0.391 0.402 0.418 0.422

Test
P 0.432 0.451 0.449 0.467
R 0.330 0.346 0.360 0.351

MAP 0.309 0.328 0.335 0.337

FPS /f.s−1 182 161 167 167
Parameters/million 11.129 11.409 9.659 9.659

Model size/MB 21.972 22.542 19.157 19.157
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Summarizing the subcategory results and overall results in Tables 2 and 3 and Figure 7,
the following conclusions can be drawn:

1. The A model (i.e., the benchmark model) performed poorly. Its accuracy indicators
were in the lowest position, but the FPS was in the first place, reaching 182/f.s−1. This
indicates that even if the number of model parameters was reduced (only 9.659 million)
in the improved model, it would still increase the number of network layers and some
inference time. The FPS index of the improved model reached 167/f.s−1, which can
also ensure real-time requirements in actual deployment.

2. After integrating the B, C, and D structures, the model improved performance in
several aspect—focusing on small target features, multiplexing multiscale features,
suppressing information loss during long-range feature transmission, and taking
into account anchor boxes of different qualities, feature engineering was significantly
strengthened. This can be seen from each single-category indicator. In most cases,
whenever a structure was added, the performance of the P, R, and AP indicators of
the model were improved to a certain extent. However, after incorporating the D
structure, the model’s indicator data in some categories were not as good as before.
That is, in some cases, A + B + C was better than A + B + C + D, but this did not affect
the overall trend.
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3. On the whole, the sequential improvement of the three structures made the model in
the VisDrone dataset improve the accuracy continuously, the number of parameters
gradually decreased, and the final model size was only 19.157 MB. This shows that
the improvement to the baseline model is feasible and effective, taking into account
the accuracy and speed of edge device detection scenarios. The detection effect of
some scenes is shown in Figure 8.

Drones 2023, 7, x FOR PEER REVIEW 14 of 26 
 

2. After integrating the B, C, and D structures, the model improved performance in sev-
eral aspect—focusing on small target features, multiplexing multiscale features, sup-
pressing information loss during long-range feature transmission, and taking into ac-
count anchor boxes of different qualities, feature engineering was significantly 
strengthened. This can be seen from each single-category indicator. In most cases, 
whenever a structure was added, the performance of the P, R, and AP indicators of 
the model were improved to a certain extent. However, after incorporating the D 
structure, the model’s indicator data in some categories were not as good as before. 
That is, in some cases, A + B + C was better than A + B + C + D, but this did not affect 
the overall trend. 

3. On the whole, the sequential improvement of the three structures made the model in 
the VisDrone dataset improve the accuracy continuously, the number of parameters 
gradually decreased, and the final model size was only 19.157 MB. This shows that 
the improvement to the baseline model is feasible and effective, taking into account 
the accuracy and speed of edge device detection scenarios. The detection effect of 
some scenes is shown in Figure 8. 

 

 

 
Figure 8. Examples of the detection effect. Figure 8. Examples of the detection effect.

The detection samples selected in Figure 8 are all test set samples. Regardless of the
scenario, the constructed model had strong detection ability, and the robustness met the
actual engineering needs. However, in the detection tasks of small targets and dense targets,
the model inevitably missed detection and false detection. For example, due to the high
similarity between the truck class and the bus class in the high-altitude perspective, there
were many misdetected targets in the detection process; if the car class and pedestrian class
are too small, they may be considered by the model as backgrounds and missed detections.
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4.3. Performance Comparison Experiment of the Deep Learning Model

According to the different anchor generation mechanisms, deep learning methods
are mainly divided into one-stage and two-stage methods in the field of target detection.
Processing aerial images in real time is more in line with practical engineering scenarios.
Therefore, it is more practical to choose the one-stage target detection method with lower
hardware dependence and taking into account the accuracy. In the experiment, the YOLO
series and SSD, which are more advanced and universal in the field, were selected as
the objects to complete the comparative test. Specifically, it included YOLOv4-s [36],
YOLOv5-s [37], YOLOX-s [38], YOLOv7-tiny [39], and MobilNetv2-SSD [40], which have
been widely used in various embedded scenarios and published in many papers. To reflect
the superiority of the model in this paper, YOLOv5-m was also selected as the comparison
object in the experiment. Thus far, this paper has named MobilNetv2-SSD, YOLOv4-s,
YOLOv5-s, YOLOv5-m, YOLOX-s, YOLOv7-tiny, and the models proposed in this paper as
A, B, C, D, E, F, and G in turn. The parameters of the comparison experiment were carried
out in accordance with Table 1, and the comparison indicators were consistent with those
in Table 3 in the ablation experiment. It should be noted that YOLOv5 is the official version
6.0, and the rest of the models are official versions. To ensure fairness, all models were not
trained with pretrained weights. The results of the comparative experiments are shown in
Table 4.

Table 4. Comparison of experimental results.

Data Set Indicators A B C D E F G

Val
P 0.495 0.376 0.495 0.534 0.817 0.395 0.525
R 0.016 0.349 0.378 0.397 0.182 0.348 0.410

MAP 0.066 0.313 0.385 0.415 0.325 0.307 0.422

Test
P 0.331 0.362 0.427 0.458 0.678 0.355 0.467
R 0.098 0.309 0.338 0.358 0.160 0.325 0.351

MAP 0.042 0.265 0.310 0.337 0.263 0.268 0.337

FPS /f.s−1 113 115 185 143 54 154 167
Parameters/million 3.940 9.119 9.115 25.051 8.942 6.015 9.659

Model size/MB 19.320 18.178 18.063 49.295 35.183 12.011 19.157

By comprehensively analyzing the relevant data in Table 4 and Figure 9, the perfor-
mance and comparison results of each model can be summarized as follows:

1. MobilNetv2-SSD had the worst overall performance. This model had the lowest
number of parameters, only 3.94 million. In the target detection task, its R index was
the lowest in both the validation set and the test set, which means that the model had a
large number of missed detections. However, its p value showed a high performance,
and it can be seen that the objects detected by the model were easier to identify, except
for the missed objects. The above situation is mainly because the VisDrone dataset has
high requirements for the target detection model in terms of shooting angle, target
size, and environmental complexity. MobilNetv2-SSD often has high applicability in
simpler tasks, but it is not suitable for this type of complex task.

2. YOLOX-s also had the above problems. The R value of the model on this dataset was
relatively low, and the missed detection rate was high. The p value achieved the best
results in both the validation set and the test set, which made the YOLOX-s model
achieve better results (better than those of YOLOv4-s). However, the model had the
worst FPS performance. The performance of YOLOv4-s was relatively mediocre, and
it was only better than MobilNetv2-SSD in the detection task, but the R value of this
model was greatly improved compared with the previous two models, and the missed
detection rate decreased.

3. The two lightweight models, YOLOv5-s and YOLOv7-tiny, both achieved excellent
performance in the test set. Especially for YOLOv5-s, after the official iteration of
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multiple versions, the overall performance was greatly improved. The P and R
indicators of the two models were in a relatively balanced state, and the detection
rate and the correct rate were relatively coordinated. YOLOv7-tiny was the smallest
model. The performance of YOLOv5-s and YOLOv7-tiny in the test set was second
only to the lightweight model proposed in this paper, and they were also suitable for
target detection tasks in UAV aerial images.

4. The MAP index of the model proposed in this paper was optimal in both the validation
set and the test set. Compared with the non-lightweight model YOLOv5-m, the P,
R, and MAP metrics all performed comparably or better than YOLOv5-m. From the
three indicators of FPS, parameters, and model size, the model performance was in the
first echelon, which shows that the model had the best comprehensive performance.
In the UAV aerial image target detection task involved in this paper, the proposed
model met the needs of actual production scenarios in terms of detection accuracy
and deployment difficulty and had considerable robustness and practicability.
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4.4. Interpretability Experiments

Deep learning is often referred to as the “black box”. Although deep learning models
are widely used in various types of engineering fields, due to the lack of interpretability of
algorithms, deep learning has not made great progress in some high-tech fields. Therefore,
deep learning interpretability is the mainstream direction of artificial intelligence research.
UAVs play a pivotal role in intelligent agriculture, the military, and other fields, and
the in-depth discussion of interpretability is a key link in the establishment of their in-
depth models. The experiment selected lightweight deep models that performed well in
Section 4.3 as validation objects (YOLOv5-s, YOLOv7-tiny, and the model in this article).
After fully discussing their performances in the confusion matrix of the VisDrone dataset,
we used Gradient weighted Class Activation Mapping (Grade CAM) to visually analyze
the attention areas of the three models [41]. Figure 10 shows the confusion between the
categories of the three models.
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It can be seen that all three models had a large missed detection rate (that is, each
category was identified as a background category). The detailed analysis shows that the
recognition of cars and buses was relatively good; the difficult-to-recognize categories
included bicycles and people; trunks, tricycles, and awning-tricycles had the worst recogni-
tion effect. In view of the above characteristics, Grad-CAM was selected in the experiment
to show some special categories of attention, and the reasons for viewing the performance
of the three models were explained from the perspective of interpretability. Grad-CAM
is based on the gradient calculated by backpropagation of class confidence scores and
generates corresponding weights. Since the weight contains category information, it has
great positive significance for the final detection performance. Specifically, we will focus
on the display of the output layer effect of the backbone part of each model, and based
on this, we will analyze the attention areas in trunk, people, and bicycle detection. The
experimental results are shown in Figure 11.

As shown in Figure 11, when detecting the same class in the same image, YOLOv7-tiny,
YOLOv5-s, and the model in this paper showed the evolution of attention from “narrow”
to “wide”. YOLOv7-tiny, which had the worst performance among the three models, had a
certain area of concern for similar targets but could not cover a large number of targets. This
was especially true when there were occlusions and tiny types of targets; YOLOv5-s had
a greater improvement than YOLOv7-tiny. The focus area in YOLOv5-s was significantly
improved. This played a crucial role in comprehensively improving the detection accuracy
of various categories; the Grad-CAM map of the model in this paper is the best, and the
dark red parts (focus areas) are the same type of targets. In the visual interface of the bicycle
class, it was the only model among the three models that fully considered the bicycle
class on both sides of the street. This is in line with the original intention of designing a
model to detect tiny objects. In summary, the model in this paper achieves the best results
with interpretability.
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analyze the attention areas of the three models [41]. Figure 10 shows the confusion be-
tween the categories of the three models. 
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Figure 10. Cont.
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4.5. Self-Built Dataset Experiment

To demonstrate the universality of the algorithm, this article constructs a drone multi-
target detection dataset based on various scenarios in Guiyang, Guizhou Province, China.
This dataset was captured using a DJI Mavic 3 model drone (as shown in Figure 12), and
the detailed parameters of the drone are shown in Table 5. Among the four attributes,
Angle of view, Equivalent focal length, Aperture, and Pixel, the first parameter is related
to Hasselblad, and the second parameter is related to Telephoto camera. During the data
collection process, factors such as environment (campus and city), density (sparse and
crowded scenes), weather (sunny and cloudy), and object and target size were mainly
considered. Each photo may contain several to dozens of objects to be detected. The dataset
contains a total of over 10,000 manually annotated bounding boxes, with four detection
categories (people, motorcycles, cars, and bicycles), totaling 906 sheets. Some example
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images of the dataset are shown in Figure 13. During the experiment, the entire dataset
was divided into a training set (725 samples) and a testing set (181 samples). Consistent
with the VisDrone2019 dataset, the sample size was normalized to 640 × 640 for training
and testing, and the training parameters in Table 1 were used.
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Table 5. DJI Mavic 3 technical parameters.

Technical Parameter Value

Maximum range (km) 30
Maximum wind resistance speed (m/s) 8

Maximum tilt angle (◦) 35
Vertical hover accuracy (m) ±0.1

Horizontal hover accuracy (m) ±0.3
Onboard memory (GB) 8

Shot Hasselblad, Telephoto camera
Angle of view (◦) 84, 15

Equivalent focal length (mm) 24, 162
Aperture f/2.8–f/11, f/4.4
Pixel (w) 2000, 1200

There was verification in Section 4.3 that MobilNetv2-SSD is not suitable for complex
tasks such as drone multi target detection. Therefore, referring to Section 4.3, YOLOv4-
s, YOLOv5-s, YOLOX-s, YOLOv7-tiny, and YOLOv8-s were selected as the comparison
objects in this section. The paper names YOLOv4-s, YOLOv5-s, YOLOX-s, YOLOv7-tiny,
YOLOv8-s, and the proposed model as A, B, C, D, E, and F. The comparison indicators
are consistent with those in Table 3 of the ablation experiment, and all models do not
use pretraining weights for training. The experimental results are shown in Table 6 and
Figure 14.
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Table 6. Comparison of self-built dataset experimental results.

Data Set Indicators A B C D E F

Test
P 0.765 0.794 0.665 0.893 0.772 0.854
R 0.575 0.872 0.900 0.645 0.881 0.883

MAP 0.742 0.880 0.852 0.733 0.898 0.917

FPS /f.s−1 185 333 87 159 357 294
Parameters/million 9.119 9.115 8.942 6.015 11.129 9.659

Model size/MB 18.178 18.063 35.183 12.011 21.972 19.157
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atively lowest model size and number of parameters, its universal performance was 
not excellent. However, these two models can still be used in occasions where preci-
sion requirements are not critical. Both had more than 150/f.s-1 in FPS, and are capable 
of being deployed in Edge device; 
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the same level of detection accuracy, but YOLOv8-s had the best accuracy. In terms of 
FPS, YOLOv5-s and YOLOv8-s both exceeded 300/f.s-1, but YOLOX-s did not reach 
100 in this indicator, indicating that the former two have considerable advantages in 
detection accuracy and speed; 
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Based on the comprehensive analysis of the relevant data in Table 6 and Figure 14, the
performance effects and comparison results of each model can be summarized as follows:

1. YOLOv4 s and YOLOv7-tiny performed similarly on the self-built dataset, both
obtaining relatively low map values on the test set. Although YOLOv7-tiny had the
relatively lowest model size and number of parameters, its universal performance
was not excellent. However, these two models can still be used in occasions where
precision requirements are not critical. Both had more than 150/f.s−1 in FPS, and are
capable of being deployed in Edge device;

2. YOLOv5-s, YOLOX-s, and YOLOv8-s all achieved excellent results, approximately at
the same level of detection accuracy, but YOLOv8-s had the best accuracy. In terms of
FPS, YOLOv5-s and YOLOv8-s both exceeded 300/f.s−1, but YOLOX-s did not reach
100 in this indicator, indicating that the former two have considerable advantages in
detection accuracy and speed;

3. The model in this article led the original YOLOv8-s by nearly two percentage points in
the map of the test set, and led the worst performing YOLOv7-tiny by 18.4 percentage
points. At the same time, the FPS reached 294/f.s−1, achieving a good balance
between detection accuracy and speed. This also indicates that the model in this
paper achieved the best detection performance in various scenarios and datasets, and
has strong universality. The partial detection performance of this model on the test
set is shown in Figure 15. It can be seen that for small targets, there is basically no
missed detection phenomenon in the model. However, in some cases, redundant
detection boxes may appear, and in a few cases, similar backgrounds may be mistaken
for targets.
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5. Conclusions

This paper proposes an aerial image detection model based on YOLOv8-s, which
can accurately detect aerial image targets in real time under the premise of satisfying
the deployment of edge devices. This model overcomes the negative effects of shooting
angle, light, background, and other factors on the detection task. Specifically: First, in
view of the common problem that small targets in aerial images are prone to misdetection
and missed detection, the idea of Bi-PAN-FPN is introduced to improve the neck part in
YOLOv8-s. By fully considering and reusing multiscale features, a more advanced and
complete feature fusion process is achieved while maintaining the parameter cost as much
as possible. Second, the GhostblockV2 structure is used in the backbone of the benchmark
model to replace part of the C2f module, which suppresses information loss during long-
distance feature transmission while significantly reducing the number of model parameters;
finally, WiseIoU loss is used as bounding box regression loss, combined with a dynamic
nonmonotonic focusing mechanism, and the quality of anchor boxes is evaluated by using
“outlier” so that the detector takes into account different quality anchor boxes to improve
the overall performance of the detection task. In this paper, the authoritative dataset
VisDrone in the field of international drone vision is used as the experimental verification
object; ablation experiments, comparison experiments, and interpretability experiments
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are designed; and the feasibility and effectiveness of the proposed method are expounded
from multiple perspectives. The results show that the proposed improved method does
play an obvious role in aerial image detection. Compared with the baseline model, the
MAP performance of our method on the test set is improved by 9.06%, and the number of
parameters is reduced by 13.21%. Compared with the other six comparison algorithms, the
method in this paper achieved the best performance in terms of accuracy. The performance
of this method has strong interpretability. In addition, the model also achieved the optimal
detection accuracy (MAP: 91.7%) on the self-built dataset, with an FPS of up to 293/f.s−1.
In general, the proposed method is suitable for deployment in complex working conditions,
and also has considerable universality and robustness.

However, a problem was also exposed during the experiment: from the ablation
experiments, the model in this paper cannot achieve better results than other structures
in all small categories. For example, the performance of tricycle and bus is not as good as
that of A + B + C, and the performance of van is not as good as that of A + B. In future
research, we will focus on the above problems, combined with customized detection tasks,
and explore the adaptive adjustment of the model structure from the perspectives of model
hyperparameters and network composition. In addition, training deep learning networks
often requires a large number of labeled images, which is often unrealistic in aerial image
detection tasks. In future research, we will focus on using unsupervised theory to act on
public datasets and self-built datasets by reducing the data distribution differences between
the source domains and target domains, reducing the dependence of deep learning on
labeled data.
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