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Abstract: The core task of target detection is to accurately identify and localize the object of interest
from a multitude of interfering factors. This task is particularly difficult in UAV aerial images, where
targets are often small and the background can be extremely complex. In response to these challenges,
this study introduces an enhanced target detection algorithm for UAV aerial images based on the
YOLOvV7-tiny network. In order to enhance the convolution module in the backbone of the network,
the Receptive Field Coordinate Attention Convolution (RFCAConv) in place of traditional convolution
enhances feature extraction within critical image regions. Furthermore, the tiny target detection
capability is effectively enhanced by incorporating a tiny object detection layer. Moreover, the newly
introduced BSAM attention mechanism dynamically adjusts attention distribution, enabling precise
target-background differentiation, particularly in cases of target similarity. Finally, the innovative
inner-MPDIoU loss function replaces the CloU, which enhances the sensitivity of the model to
changes in aspect ratio and greatly improves the detection accuracy. Experimental results on the
VisDrone2019 dataset reveal that relative to the YOLOv7-tiny model, the improved YOLOV7-tiny
model improves precision (P), recall (R), and mean average precision (mAP) by 4.1%, 5.5%, and 6.5%,
respectively, thus confirming the algorithm’s superiority over existing mainstream methods.

Keywords: UAV image; object detection; YOLOv7-tiny; BSAM attention mechanism

1. Introduction

As drone technology continues to evolve, it is increasingly revealing its potential
applications across diverse fields. Drones have transcended their initial status as high-tech
toys to become versatile and indispensable tools for contemporary applications [1]. Ac-
companied by technological advances and lower drone costs, drones have transitioned
from the laboratory to the commercial sector and daily life. The application domains of
drones have expanded beyond military reconnaissance to include agriculture inspection,
logistics, environmental monitoring, and disaster response, among others, and their role is
becoming increasingly prominent in society [2,3]. In comparison to traditional methods
such as ground observation, manual inspection, and aerial and satellite remote sensing,
drone technology offers numerous substantial advantages. For instance, in the scenario
of forest fire monitoring, drones can facilitate rapid deployment and real-time data trans-
mission [4], thereby enhancing emergency response efficiency, minimizing dependence
on human resources, and reducing long-term operational costs. However, despite the
wide range of UAV uses and increasing adoption rates, the complexity of operational
environments and the diversity of user needs still pose challenges to current UAV target
recognition techniques.

Object detection through UAV platforms is confronted with numerous significant chal-
lenges [5-7], which primarily include the following aspects. Firstly, the frequent alterations
in lighting conditions, including transitions from direct sunlight to shadowed areas, can
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induce significant variations in the brightness range of images. In such high dynamic range
environments, the contrast of target edges may be greatly enhanced, whereas details within
shaded regions may disappear, significantly complicating the detection process. When
UAVs navigate through diverse complex terrains and backgrounds, these intricate settings
complicate the separation of the target from its surroundings, potentially leading to the
target being obscured by other objects or terrain features [8]. Furthermore, UAV devices
typically lack robust computational capabilities. Consequently, reconciling the need for
efficient target detection algorithms with the constraint of limited computational resources
presents a pivotal challenge for researchers today.

Consequently, to address the previously outlined challenges, we propose an enhanced
network model derived from the YOLOv7-tiny architecture. We tested the enhanced
algorithm on the VisDrone2019 dataset, demonstrating its excellent detection performance.
The main contributions of this paper can be summarized as follows:

e In the backbone of the ELAN-S, the partial convolution has been substituted by a
Receptive Field Coordinate Attention Convolution (RFCAConv). It not only addresses
the issues related to parameter sharing in the convolution kernel but also enhances
the network’s ability to pinpoint key image regions with greater precision through the
coordinate attention mechanism, thereby allowing it to focus on key features. This
improvement substantially improves the detection performance with only a slight
increase in parameters.

* Anadditional layer has been incorporated specifically for tiny object detection, the sam-
pling scale has been enhanced, and multi-scale feature fusion has been implemented
at the neck of the model. This approach effectively solves the problem of missing or
misdetecting tiny objects, which often occurs in traditional object detection models,
and greatly enhances the generalization ability of the algorithm.

¢ The BSAM attention mechanism, enhanced by CBAM and BiFormer attention, has been
integrated into the feature integration phase of the framework. It dynamically adjusts
the distribution of attention so that the network can more accurately distinguish
targets from the background. This improvement greatly enhances the model’s ability
to discriminate between tiny targets.

*  The enhanced loss function inner-MPDIoU is used to replace the CloU in the initial
model, which solves the problem whereby the CloU is insensitive to the similarity of
the aspect ratio between the predicted frames and the real frames and thus greatly
improves the detection capability of the model.

2. Related Work

Traditional object detection methods are also known as artificial feature-based object
detection methods. The core principle involves utilizing artificially designed features, such
as Haar, LBPs (Local Binary Patterns), and HOGs (Histogram of Oriented Gradients) fea-
tures, to describe target regions within images. Subsequently, machine learning techniques
have been employed to enhance object detection capabilities. However, there are some
obvious limitations to this approach, namely that feature selection and extraction often
requires specialized knowledge and experience, which makes the whole process difficult to
initiate and operate. In addition, because the features of the model are manually extracted
only for a specific dataset, the generalization ability of the model is limited, often making it
difficult to obtain satisfactory results.

As advancements in neural networks and computing power continue, object detection
has evolved to an advanced deep learning phase. Compared to traditional object detection
approaches, deep learning methods substantially reduce the learning challenges associated
with object detection by leveraging neural networks to autonomously learn features. At first,
there were mainly two-stage object detection algorithms, such as RCNN [9], fast-RCNN [10],
and faster R-CNN [11]. The core idea was to separate the work of object identification into
two phases: object categorization and candidate region extraction. Although these methods
offer high detection precision, they necessitate performing convolutions on each candidate
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region, thereby imposing a significant computational burden. Consequently, they are not
well suited for real-time detection applications. In this case, single-stage object detection
algorithms emerged, exemplified by the SSD [12] and YOLO series [13-18], which extract
features only once without moving through complex regional division and classification
stages and then directly predict the classification scores and coordinates. This end-to-end
object detection approach significantly boosted the processing speed and effectiveness of
the models.

Compared to traditional target detection, the background of UAV aerial images is more
complex and the possibility of occlusion between targets is higher, which greatly increases
the complexity of the detection process. Additionally, given that drones are equipped with
chips of limited computing power, considerations for real-time processing and compu-
tational power consumption are imperative. To address these challenges, scholars have
proposed some effective strategies so far.

In 2020, Liu et al. [19] enhanced the YOLOvV3 architecture by integrating two ResNet
units of the same dimension in the Dark network backbone, which significantly extends the
perceptual range of the network. Additionally, the anchor frames were clustered using data
augmentation and the k-means algorithm to refine the accuracy of model detection. This
strategy improves its ability to handle the various sizes and types of targets encountered
in UAV images. In 2021, Tan et al. [20] incorporated the RFB module into the character
extraction phase of YOLOv4, enhancing the model’s capability to extract features from sam-
pling and convolution. During the feature pyramid stage, the ULSAM (Ultra Lightweight
Subspace Attention Mechanism) was introduced to generate a different attention feature
map for each feature map subspace. It enabled the achievement of multi-scale feature
representation, boosting the ability to detect tiny targets against complicated backdrops.
Ultimately, the Soft-NMS method was used to assess the score and overlap degree of
detection boxes, dynamically adjusting the score of overlapping boxes to minimize target
detection omissions caused by occlusions. In 2022, Luo et al. [21] added an improved
efficient channel attention (IECA) module to the YOLOv4 algorithm, which enabled the
network to capture inter-channel information interactions more efficiently through maxi-
mization and global average pooling methods. Furthermore, an adaptive spatial feature
fusion module was developed to optimize the integration of feature maps at different scales,
thereby augmenting the model’s ability to detect objects across multiple scales. In 2023,
Zhao et al. [22] introduced a Swin Transformer unit, complemented by a multi-scale detect-
ing head and a CBAM attention module, to effectively capture global information. They
also implemented a novel SPPFS pyramid pooling module to facilitate enhanced inter-
action among feature information and integrated both the SoftNMS and Mish activation
functions. This significantly improved the performance of the model in detecting small
and dense targets in UAV aerial images. In 2023, Zhai et al. [23] implemented SPD-Conv
to replace traditional convolution layers, enhancing the retention of small target features
and improving the model’s ability to detect small targets. Moreover, the incorporation of
the GAM attention mechanism in the neck section of the model significantly reduced the
probability of erroneous detections. In 2024, Bai et al. [24] introduced the dynamic snake
convolution technology to cope with changes in the target shape. It can flexibly modify the
convolution kernel’s shape to effectively capture slender pipe structures such as roads or
rivers, thus adapting well to the characteristics of UAV datasets. In 2024, Zeng et al. [25]
developed a hybrid attention module based on YOLOVS, integrating spatial and coordinate
attention (SCA) mechanisms to enhance feature extraction capabilities for small objects.
They constructed a multilayer feature fusion structure using channel splicing technology to
integrate shallow and deep feature maps, thus enriching the semantic content of shallow
features and improving the performance of the model in recognizing small objects.
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3. Methods and Improvements
3.1. YOLOv7-Tiny Network Structure

YOLOV7 stands out as one of the leading currently available one-stage target detection
algorithms. YOLOv7-tiny represents a compact variant of YOLOV?7 specifically designed
for edge devices. Compared with other versions of YOLOv7, YOLOv7-tiny boasts a faster
detection speed and fewer parameters. Although the detection effect of the YOLOvV7-tiny
model is slightly worse than that of other versions, considering the limited computational
resources of UAV platforms and the high demand for real-time detection in aerial photog-
raphy applications, the YOLOv7-tiny algorithm was selected as the base method in this
work. Figure 1 illustrates the YOLOv7-tiny network architecture, which primarily consists
of the backbone, neck, and head components.
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Figure 1. Network structure diagram of each part of YOLOv7-tiny; (a) the overall network structure
of YOLOv7Z-tiny; (b) the network structure of SPPCSPC-S; (c) the network structure of ELAN-S;
(d) the network structure of CBL; and (e) the network structure of MP.

The backbone network consists of the CBL layer, the Lightweight Efficient Remote
Aggregation Network (ELAN-S) layer, and the MPConv layer. The fundamental aim of this
part is to extract the features of the detected objects. The ELAN-S architecture significantly
accelerates feature extraction and facilitates easier model convergence.

The neck component of the YOLOv7-tiny incorporates the PAFPN architecture, which
ingeniously merges the top-down robust semantic information from the Feature Pyramid
Network (FPN) [26] with the bottom—up precise localization capabilities of the Path Ag-
gregation Network (PANet) [27]. This module focuses on the multi-scale feature fusion of
feature maps after 8-fold, 16-fold, and 32-fold downsampling, which greatly enhances the
model’s ability to detect targets of different sizes, realizing multi-scale learning targets and
improving the flexibility and accuracy of detection.

In the head module, unlike YOLOv7, YOLOV7-tiny only uses standard convolution
and does not use RepConv to process the feature map for feature fusion. This strategy
somewhat diminishes the model’s detection efficiency. However, the adoption of standard
convolution circumvents issues associated with a large parameter count and the vanishing
gradient problem typically induced by RepConv. The feature maps after three standard
convolutions are fed into three different sizes of detection heads to predict targets of
different dimensions and determine the location and confidence scores of the targets.

3.2. Improved YOLOw7-Tiny UAV Network Model
3.2.1. Receptive Field Coordinate Attention Convolution

Receptive Field Attention Convolutional Operations (RFAConv) [28] effectively solve
the difficulties associated with sharing convolutional kernel parameters by focusing on the
spatial features of the receptive field. Within RFAConv, the enhancement of the network
performance is achieved through the mutual learning of attention maps derived from
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receptive field features. However, this methodology may entail additional computational
expenses. To mitigate this, average pooling is employed to aggregate global information
from each receptive field feature. Furthermore, the softmax function is utilized to enhance
the correlation of each component within the receptive field. The computation of the RFA
can be represented as follows:

F = Softmax(g“l(Angool(X))) X ReLll(Norm(gka(X))) (1)

where the symbol ¢'* is defined as a grouped convolution operation of size i x i. k
represents the size of the convolution kernel used, Norm is used to refer to the normalization
process, and X represents the input feature map. F represents the field space features,
which are obtained by performing multiplication operations on the attention map and the
appropriately transformed perceptual map.

Coordinate attention (CA) [29] not only focuses on the channel itself but also consid-
ers its spatial location relationship, which realizes the effective combination of channel
dominant and spatial attention.

The design of the Receptive Field Coordinate Attention Convolution (RFCAConv) [28]
not only addresses the issue of shared convolution parameters but also markedly enhances
the network’s comprehension of the spatial relevance of the input features through the
integration of the coordinate attention mechanism. This enhancement enables the net-
work to more precisely identify key regions within the image, thereby allowing for a
more focused analysis of critical features. RFCAConv employs a methodology akin to the
self-attention mechanism, enabling it to capture long-range dependencies within the infor-
mation. Compared to the conventional self-attention mechanism, RFCAConv significantly
reduces computational demands and parameter counts while simultaneously enhancing
the efficacy of the convolution process.

Figure 2 illustrates the contrast between the enhanced RFCA module and the original
CA module.

Input C xH xW | Input C xH xW
CKExH W
Resi& cA CKaxH W RFCA
[ xAvgpool | [ YAvgpool | cx1xw Adjustshape | CxKH xKW
C t+C Clrx1 x(W+H
| oneair-onv | cree x(wer cx1xkw | [ HAvgPool | [ WAvgPool | CxkH x1
Cubx1 _ ! !
| BatchNorm+Non-linear | Clrx1 x(W+H) | Concat+Conv | CxK(W-H) x1
l Spit l l
| Conv I | Conv Cx1 xW | BatchNorm+Non-linear | CxK(W+H) x1
l Spit l
| Sigmoid I | Sigmoid I Cx1 xKW | Conv I | Conv I CxKH x1
Cx1xW
Cx1 xKW | Sigmoid I | Sigmoid I CxKH x1
Re-weight CxH xW
Re-weight CxKH xKW
Output
v p

(a) Output

(b)
Figure 2. Detailed structure comparison diagram of CA and RFCAConv: (a) the structure of CA; and
(b) the structure of RFCA.
3.2.2. Multi-Scale Sampling Feature Fusion
* Adding a tiny object detection layer

In UAV target detection tasks, particularly under conditions of long-distance imaging,
high-speed motion, and low-altitude flights, accurately detecting small targets presents a
significant challenge. The main reason for this challenge is the small number of features
available for small targets coupled with the reduction of feature information due to the
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pooling layer and convolutional kernel operations. This situation significantly increases
the difficulty of recognizing small targets and increases the likelihood of detection errors or
misses. In addition, the Feature Pyramid Network (FPN) structure does not fully utilize the
feature map output from the backbone during the fusion phase, which may lead to partial
information loss and interference during the upsampling process, thus adversely affecting
the detection of tiny targets. To address this problem, we add a new detection layer, the P2
layer, to the neck module of the YOLOv7-tiny model, which fuses deep global information
with shallow features, thus preserving more image details and significantly enhancing the
model’s ability to detect and recognize smaller objects. The structure of the additional tiny
object detection layer is shown in Figure 3.
Figure 3 displays the updated YOLOv7-tiny network structure.
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Figure 3. Network structure diagram of each part of the improved YOLOv7-tiny: (a) the overall
network structure of the improved YOLOv7-tiny; (b) the network structure of SPPCSPC-S; (c) the
network structure of ELAN-S’; (d) the network structure of CBL; and (e) the network structure of MP.

3.2.3. Bilevel Spatial Attention Module

The integration of attention mechanisms has been proven to be a pivotal technologi-
cal advancement in target detection research, significantly enhancing detection accuracy.
The basic principle of this mechanism is to assign different weights to different regions
of the feature map in order to highlight the features of interest. Especially in the process
of analyzing remote sensing images, the target information is usually smaller than the
complex background information, and the traditional convolutional neural network is
easily affected by the non-target region in the feature extraction stage, thus affecting the
detection performance.

To address this challenge, researchers have devised numerous attention mechanism
strategies to optimize the network’s capability to extract target features. Typically, these
strategies encompass two principal dimensions: channel attention and spatial attention.
The channel attention mechanism concentrates on identifying “what” the target is by
enhancing the representation of target features through differential weighting of feature
channels, while the spatial attention mechanism is tasked with pinpointing “where” the
target is located.

This study employs the Bilevel Routing Attention Module from BiFormer [30] and
the Spatial Attention Module (SAM) from CBAM [31] to enhance the recognition of small
objects in images while effectively filtering out irrelevant information. By integrating
the two modules in parallel, the Bilevel Spatial Attention Module (BSAM) is constructed,
enhancing the model’s overall attentional capabilities. The BSAM module, which integrates
BiFormer’s dynamic sparse attention with spatial attention mechanisms, exhibits superior
feature extraction capabilities when compared to the traditional CBAM attention module,
particularly in terms of location sensitivity. It can flexibly modify the allocation of attention
depending on the content, focusing on a small number of key tokens rather than dispersing
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attention to other unrelated tokens, thereby improving the computational efficiency while
maintaining high feature extraction accuracy. The operational principle of the BSAM
module begins with a detailed segmentation of the input feature map into numerous
smaller regions. Building on this, the module computes three vectors—query (Q), key
(K), and value (V)—and employs an adjacency matrix to pinpoint regions with substantial
semantic correlations. Subsequently, the module constructs an indexed routing matrix
to facilitate the token-to-token attention mechanism (K$,V$) among these semantically
linked regions.

K& = gather(K,I") ()

V& = gather(V,I") 3)

where K$ and V¢ denote the gather key and the value tensor, respectively, while I” repre-
sents an index containing the most relevant or important regions or elements representing
the attention mechanism.

Following global maximum pooling and global average pooling, the feature maps
processed via the Bilevel Attention mechanism are transformed into two-dimensional
representations. Subsequently, these maps are concatenated along the channel dimension
and compacted into a single channel via a convolutional layer, streamlining the feature
integration process.A sigmoid activation function is then employed to generate the spatial
attention feature map, refining the focus of the module on relevant features. Finally,
the spatial attention feature map is multiplied with the input feature map in elemental
order to generate the final output. The architecture of the Bilevel Spatial Attention Module
is illustrated in Figure 4.

Spatial Attention Module

Bilevel Routing Attention Module

Matix
A Multiplication ©

K9 v

Matrix Multiplication
& softmax

refined feature

Inupt feature /'

gather

Figure 4. Detailed structure diagram of the Bilevel Spatial Attention Module.

3.2.4. Optimization of Loss Function

YOLOV7-tiny employs the CloU [32] loss function for bounding box prediction, which
extends the traditional IoU by incorporating a penalty term that accounts for the Euclidean
distance between the centers of bounding boxes and their aspect ratios. However, this
penalty mechanism may not perform effectively when the detected objects possess aspect
ratios similar to those of the predicted boxes.

Conversely, the inner-IoU [33] introduces a novel method for calculating loss functions
across datasets of varying scales, enhancing adaptability and efficiency. Auxiliary frames of
varying scales were utilized with their sizes regulated by the scale factor ratio to optimize
the efficiency of loss function computation. The inner-IoU calculation formula is as follows:

w * ratio w * ratio

bl:xc_frbr:xc‘k 2 4)
h * ratio h * ratio
bt=ye———F—bp=Yyc+—5— ©)
2 2
inter = (min(bft,br) - max(b;gt, b)) * min(bft, by) — max(bft, bt)) 6)

union = (w8 x h8*) x (ratio)? + (w * h) (7)
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Iouinner — znlﬁer (8)
union

By integrating an auxiliary bounding box, the inner-IoU leverages the IoU between this
auxiliary and the target bounding box as a component of the loss calculation. For prediction
frames exhibiting a high intersection ratio with the actual frame, Inner-IoU employs a
smaller auxiliary bounding box to calculate the loss, thereby facilitating faster convergence.
In instances where prediction frames have a low intersection ratio with the actual frame,
a larger auxiliary bounding box is utilized to expand the effective regression range, aiding
the regression of low IoUs and improving the generalization capabilities of the IoU metric.

The MPDIoU loss function improves the accuracy of the overlap measurement by
taking into account the minimum distance between the vertical edges of the predicted and
actual frames.

2 ppred gt 2 ppred pgt
_ P(P1 /P1) o~ (P, 7, Py)
MPDIoU = IoU — = 551> === 3-=> )

where Plp ”d, Pzp r€d, Pf t, and P§ ! refer to the points in the upper left corner and lower right

corner of the prediction box and the real box, respectively, and pz(Pf red Plg t) calculates the
separation of the respective points.

The inner-MPDIoU improves MPDIoU by utilizing the inner-IoU to optimize the
evaluation of overlaps between bounding boxes, making the method more effective when
dealing with multiple objects in complex or crowded scenes. This approach improves
the response speed of the model to changes in the position of the bounding box and
enhances the model’s ability to adapt to complex visual environments. The formula of the
inner-MPDIoU is as follows:

2/ ppred gt pred gt
MPDlouii’me?’ — Iouinner _ P (Pl ’Pl ) _ pz(PZ ’P2 ) (10)
w? + h? w? + h?

4. Analysis of Experimental Results
4.1. Dataset

The VisDrone2019 [34] dataset, provided by Tianjin University, is tailored for UAV
vision tasks and contains 10,209 static images designated for target detection. Of these
images, 6471 were assigned to the training set, 548 to the validation set, and the remaining
3190 to the testing set. The dataset captures a variety of real-world environments, including
city streets, rural areas, and parks under different weather conditions and times of day,
and is equipped with annotations for 10 target categories to facilitate the evaluation and
enhancement of the target detection model. Before target detection using the YOLOv7-tiny
model, a series of pre-processing steps were performed on the images in the VisDrone2019
dataset. First, all the images were resized to 640 x 640 pixels, and then the training efficiency
of the network was accelerated by normalizing the images such that the scaled pixel values
were within the range of [0, 1]. In addition, a random rotation technique was applied for
data enhancement to improve the robustness of the model to complex backgrounds. These
pre-processing steps ensured the consistency and quality of the input data, thus helping
the YOLOvV7-tiny model more accurately recognize and localize targets in images.

4.2. Experimental Environment

For this study’s experimental configuration, we used a computing platform equipped
with Intel(R) Xeon(R) Bronze 3106 CPU @ 1.70 GHz, 256 GB of RAM, and running a
CentOS 7.6 operating system. The deep learning experiments were conducted under the
PyTorch framework, utilizing NVIDIA Tesla V100 GPUs and a CUDA 11.8 environment.
Furthermore, to ensure the consistency of the experimental conditions, consistent hyperpa-
rameter settings were shared across all training programs. The weights obtained on the
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COCO dataset were used for model pre-training. Table 1 displays the settings and most
crucial hyperparameter settings used during training.

Table 1. Experimental environment configuration.

Device Configuration
CPU Intel(R) Xeon(R) Bronze 3106 CPU @ 1.70 GHz
GPU NVIDIA Tesla V100

System CentOS 7.6

Python 3.7.0

CUDA 11.8

Pytorch 1.13.1 + cull?

Batch Size 16
Optimizer SGD
Momentum 0.937

Epochs 300

4.3. Assessment Metrics

In order to objectively assess the improvement in model performance and prediction
accuracy, we used several key metrics: precision (P), recall (R), and mean average precision
(mAP). In particular, mAP@0.5 indicates that a prediction is considered correct when there
is at least 50% overlap between the predicted frame and the true frame. It is an important
metric used to evaluate the prediction effectiveness of the model.

TP

P=prep (11)
TP

R= ) (12)
1

AP = /0 p(r)dr (13)

mAP = AP (14)

| =
(o

Il
—_

where TP indicates that the model accurately predicts instances of positive classes as pos-
itive, FP indicates that the model misclassifies instances of negative classes as positive,
TN indicates that the model correctly identifies instances of negative classes as nega-
tive, and FN indicates that the model incorrectly determines instances of positive classes
as negative.

Furthermore, p(r) is the precision at a given recall, and AP is the average precision,
which is the integral of the precision at different recall levels. It provides a comprehensive
evaluation of performance by integrating the precision at different recall points.

Inference time (also known as response time), measured in milliseconds (ms), evaluates
the time required by the model to complete the target detection. To thoroughly assess
the model’s performance, we additionally took into account the model’s parameters and
GFLOPS to assess the computing power.

4.4. Ablation Experiment

Experiments using a single upgraded module or several improved combined mod-
ules were conducted on the VisDrone2019 dataset in order to validate the efficacy of the
enhanced modules on the model. The outcomes of the experiment are displayed in Table 2.
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Table 2. Results of the ablation experiment on the dataset VisDrone2019.

Method RFCA TODL BSAM Inner-MPDIoU Parameters GFLOPS P% R% mAP@0.5%
YOLOv7-tiny 6.03M 13.3 47.1 36.6 35.0
A v 6.09 M 13.7 47.8 38.8 37.8
B v 6.14 M 15.8 49.0 41.2 38.5
C v 6.22M 17.9 489 39.5 36.5
D v 6.03 M 13.3 47.1 39.0 35.8
E v v 6.20 M 16.2 50.1 40.6 39.7
F v v 6.28 M 18.4 49.3 39.7 39.3
G v v v 6.39 M 21.0 50.5 41.3 40.7
H v v v v 6.39 M 21.0 51.2 421 41.5

As shown in Table 2, the initial group of experiments used YOLOv7-tiny as the
baseline model for experiments on the VisDrone2019 dataset, and the results showed that
the mAP@0.5 was 35.0%. The subsequent experiments, labeled A, B, C, and D, were based
on the YOLOv7-tiny model and incorporated the RFCA, TODL, BSAM, and inner-MPDIoU
modules, respectively, to investigate the effects of each module on the functionality of
the framework.

Experiment A solved the problem of convolution kernel sharing through replacing part
of the convolutions of the ELAN-S structure with RFECAConv and achieved an mAP@0.5
improvement of 2.8% relative to the baseline model. In experiment B, the introduction
of the tiny object detection layer increased the model parameters, but the improvement
effect in the model was the most obvious. Compared to the baseline model, the P, R,
and mAP@0.5 increased by 1.9%, 4.6%, and 3.5%, respectively. In experiment C, the BSAM
attention mechanism formed by combining the BRA attention mechanism in BiFormer and
the spatial attention mechanism in CBAM was integrated into the neck part of the model,
which significantly enhanced the detection ability of small targets with a 1.7% improvement
in mAP@0.5 compared to the baseline model. Experiment D replaces the loss function
with inner-MPDIoU and improves mAP@0.5 by 0.8% compared to the baseline model with
essentially no change in the number of parameters of the original model. Experiments
E, F, and G further optimized the performance based on the existing improvements by
incorporating different improvement strategies into the model in a combinatorial form.
In Experiment H, integrating four distinct improvement strategies into the model resulted in
a modest parameter increase of just 0.36 M compared to the previous one, but it significantly
boosted P, R, and mAP@0.5 by 4.1%, 5.5%, and 6.5%, respectively.

Ablation experiments were conducted using varying ratios for the inner-MPDIoU
loss function to test the impact of different ratio values on the experimental outcomes.
The experimental outcomes are displayed in Table 3.

Table 3. Effect of different ratio values on the experimental results.

Ratio P% R% mAP@0.5% mAP@0.5:0.95%

0.5 50.1 40.9 40.3 23.1
0.8 50.4 40.3 40.1 22.8

1 51.6 41.3 40.7 23.3
1.1 50.7 419 41.3 23.4
1.2 50.8 41.6 40.9 23.5
1.3 51.2 42.1 41.5 23.6
14 50.7 41.7 41.2 234

When the ratio = 1, the inner-MPDIoU loss function essentially becomes the MPDIoU
loss function. The experimental results show that since there are mostly small targets in
UAV aerial images when the ratio is larger than 1, the auxiliary frame is larger than the
actual frame, which is favorable for low IoU regression. The best experimental results
are obtained when the ratio = 1.3. However, when the ratio = 1.2 or 1.4, the experimental
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effect decreases. Therefore, the exact ratio value must be varied according to the different
characteristics of the experimental dataset. In general, the ratio should be less than 1
when the targets in the dataset are large and greater than 1 when the targets in the dataset
are small.

4.5. Comparative Experiments

To ascertain the effects of incorporating an attention mechanism into the neck com-
ponent of the model on its performance, this study conducted four sets of comparative
experiments, contrasting the proposed BSAM module with the extensively employed
SENet, CBAM, and BiFormer attention modules. Table 4 shows a comparison of the de-
tection performance in YOLOv7-tiny before and after the addition of various attention
mechanism modules. The experimental results demonstrate that the inclusion of diverse
attention mechanism modules enhances the overall accuracy of the network model. How-
ever, the inclusion of the BSAM attention mechanism in the YOLOv7-tiny model resulted
in better detection performance than other attention mechanisms.

Table 4. Comparison of various attention mechanism algorithms” detection performance.

Method Parameters mAP@0.5 Inference Time (ms) GFLOPS
YOLOV7-tiny 6.02 M 35.0 29 13.3
+SE 6.05 M 35.2 3.1 13.3
+CBAM 6.04 M 35.3 3.3 13.3
+Biformer 6.06 M 35.8 3.7 13.9
+BSAM 6.22M 36.5 4.4 17.9

In order to enhance the comparative understanding of the BSAM, CBAM, and Bi-
Former attention mechanisms, we used gradient-weighted class activation mapping [35]
for visualization. The specific outcomes of these visualizations are depicted in Figure 5.
As shown in Figure 5, the model with the integration of the CBAM attention mechanism
and the BiFormer attention mechanism shows higher attention to targets such as people
and vehicles in the image compared to the model without the integration of the attention
mechanism. Figure 5d shows the effect of combining the baseline model with the BSAM
attentional mechanism, and the results indicate that the BSAM attentional mechanism not
only focuses on a wider target area but also effectively distinguishes between the target and
the background information compared with CBAM and BiFormer. This suggests that the
BSAM attention mechanism module has significant advantages over CBAM and BiFormer.

In order to comprehensively assess the performance enhancement of the improved
model, this study compares and analyzes it with several current mainstream lightweight
target detection algorithms. The specific experimental results are displayed in Table 5.
The analysis of Table 5 reveals that two-stage target detection algorithms, such as Faster-
RCNN [10] and Cascade R-CNN [36], generally have low mAP values, while the YOLO
family of algorithms can usually achieve higher mAP values. In particular, the algorithm
proposed in this study improves the mAP value by 6.5% compared to YOLOv7-tiny, demon-
strating significant superiority over RetinaNet [37], MSA-YOLO [38], and other algorithms.

In addition, the experimental data show that the improved model also significantly
outperforms the original model in terms of average precision (AP) for each category.
Specifically, the AP values of the 10 categories were improved by 6.4%, 6.2%, 3.5%, 7.6%,
7.3%,9.7%, 5%, 9.8%, 4.6%, and 4.5%, respectively, with the trucks and awning-tricycles
categories showing the most significant improvement. Based on these test results, it can
be concluded that the algorithm proposed in this paper performs better in UAV target
detection, further confirming the effectiveness of the method and its applicability in real-
time UAV detection scenarios.
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(d)

Figure 5. The heat map comparison of different attention mechanisms is added to the original

network structure. (a) The heat map without an attention mechanism; (b) the heat map with CBAM;
(c) the heat map with Biformer; (d) the heat map with BSAM.

Table 5. Comparison of experimental results on the VisDrone2019 dataset.

Method Pedestrian Person Bicycle Car Van  Truck Tricycle A-T Bus  Motor mAP@0.5
Faster R-CNN 214 15.6 6.7 51.7 29.5 19.0 13.1 77 314 20.7 21.7
Cascade R-CNN 222 14.8 7.6 54.6 31.5 21.6 14.8 8.6 349 214 23.2
DMNet [39] 28.5 20.4 15.9 56.8 37.9 30.1 22.6 14.0 47.1 29.2 30.3
YOLOV3-LITE [40] 34.5 23.4 7.9 70.8 31.3 21.9 15.3 6.2 409 32.7 28.5
CDNet [41] 35.6 19.2 13.8 55.8 421 38.2 33.0 254 49.5 29.3 34.2
MSC-CenterNet 33.7 15.2 12.1 55.2 40.5 34.1 29.2 21.6 422 27.5 31.1
DBAI-Det 36.7 12.8 14.7 47.4 38.0 414 23.4 16.9 31.9 16.6 28.0
YOLOv5s 35.8 30.5 10.1 65.0 31.5 29.5 20.6 111 41.1 354 31.1
MSA-YOLO 334 17.3 11.2 76.8 41.5 414 14.8 18.4 60.9 31.0 34.7
YOLOV7-tiny 38.9 35.5 9.6 76.2 38.0 28.8 20.6 10.9 48.7 43.2 35.0
Ours 453 41.7 13.1 83.8 45.3 38.5 25.6 20.7 53.3 47.7 415

4.6. Detection Effect Analysis

In order to visualize the superiority of the algorithm proposed in this paper for UAV
small target detection, we compare the detection effect of the algorithm proposed in this
paper with some typical algorithms in different scenes.

Figure 6 illustrates that compared with other algorithms, the improved YOLOv7-tiny
algorithm is able to recognize more small targets, such as distant pedestrians and trucks,
during the daytime, and it significantly improves the confidence level of target recognition.

Figure 7 demonstrates the detection performance of the model proposed in this study
in a nighttime environment. The results show that the model is able to effectively detect
more pedestrians in dimly lit conditions, demonstrating its ability to adapt to low-light
environments. This phenomenon suggests that the improved algorithm exhibits lower
sensitivity in the face of changing light conditions, resulting in stronger anti-interference
ability and higher network robustness.



Electronics 2024, 13, 2969 13 of 23

cor 0.52¢0r 066

L cor 083’

(b)



Electronics 2024, 13, 2969 14 of 23

cor 0.74
P 026
Cor 0.78

cor 070908

L cor 092

cor 0.34

%
cor 0.40
" ; cor 0.92
 Cam .
, cor 0.79 Mo %
ey

4
1
cor 0.89

cor 0.90

Figure 6. (a—d) represent the detection results of YOLOv5s, MSA-YOLO, YOLOv7-tiny and improved
YOLOv7-tiny algorithms during daytime, respectively.
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Figure 7. (a—d) represent the detection results of YOLOv5s, MSA-YOLO, YOLOv7-tiny and improved
YOLOv7-tiny algorithms in dark light scenes, respectively.

Figures 8 and 9 show the comparative analysis of the target detection effectiveness
of the improved YOLOvV7-tiny algorithm in dense target environments and sparse target
environments, respectively. In the target-dense scenario, the presence of a large number of
small targets and their mutual occlusion significantly increases the complexity of target de-
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tection in images captured by UAVs. Nevertheless, the optimized YOLOv7-tiny algorithm
successfully improves the detection of pedestrians and accurately identifies motorcycles,
showing its effectiveness in dealing with high-density target environments. In sparse target
scenarios, the model continues to show significant advantages in recognizing cars, trucks,
and motorcycles, proving its good generalization. Overall, compared with other algorithms,
the model has obvious advantages in reducing leakage and false detection rates. The ex-
perimental results fully validate the improvements made to the YOLOv7-tiny algorithm,
which effectively enhance its target detection capability in complex environments.
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Figure 8. (a—d) represent the detection results of YOLOv5s, MSA-YOLO, YOLOv7-tiny and improved

YOLOv7-tiny algorithms in dense scenes, respectively.
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Figure 9. (a—d) represent the detection results of YOLOv5s, MSA-YOLO, YOLOv7-tiny and improved
YOLOv7-tiny algorithms in sparse scenarios, respectively.
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5. Conclusions and Outlook

Faced with the challenge of accurately recognizing objects in UAV aerial photographs,
which are often subject to errors and omissions, this study enhances the ELAN-S convolu-
tion in the backbone of the model by integrating the receptive field coordinate attention
convolution, thus improving the feature-capturing capability of the network. In terms of
network structure, a tiny target detection layer is added to the neck to scale up the sampling
and enrich the feature map information used for subsequent upsampling and downsam-
pling. The attention to the small target detection region is strengthened by adding a BSAM
attention mechanism. Finally, by introducing the inner-MPDIoU loss function, the model is
made to exhibit enhanced learning capability in detecting small and challenging samples.
Based on the test results on the VisDrone2019 dataset, the model outperforms other popular
models in the UAV target detection task.

In existing research on UAV target detection algorithms, various methods have been
used to optimize algorithm performance. In addition to the improvements presented in
this study, future research could explore improving detection results by improving the
downsampling method so that more detailed information is retained during the downsam-
pling of the dataset. In addition, pruning of the algorithm module could be considered to
optimize the size of the model while maintaining good detection accuracy.
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