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Abstract: To address the problems of poor recognition, low detection accuracy, a large number of 1
model parameters and computation, complex network structure, and unfavorable portability to 2
embedded devices in traditional tennis ball detection algorithms, this study proposes a lightweight 3
tennis ball detection algorithm YOLOv5s-Z based on Robomater EP. The main work is as follows: 4
Firstly, constructing lightweight G-Backbone and G-Neck network layers to reduce the number of pa- s
rameters and computation of the network structure. Secondly, the convolutional coordinate attention
is incorporated in G-Backbnone to embed the location information into the channel attention, which 7
makes the network obtain the location information in a larger area through multiple convolutions
and enhances the expression ability of the mobile network learning features. In addition, the Concat o
module in the original feature fusion is modified into a weighted bi-directional feature pyramid 1o
W-BiFPN with settable learning weights to improve the feature fusion capability and achieve efficient 11
weighted feature fusion and bi-directional cross-scale connectivity. The EIOU loss is introduced 12
to split the influence factor of aspect ratio and calculate the length and width of the target frame 13
and anchor frame respectively, combined with Focal-EIOU Loss to solve the problem of imbalance 14
between difficult and easy samples. The activation function Meta-ACON is introduced to achieve an s
adaptive selection of whether to activate the neurons and improve the detection accuracy. Finally, 16
the experimental results show that compared with the original algorithm, the YOLOvb5s-Z algorithm 17
reduces the number of parameters and computation by 42% and 44%, the model size by 39%, and  1s
2% improvement in average accuracy mean value, which verifies the effectiveness of the improved 1o
algorithm and the light weight of the model to meet the deployment requirements of embedded 2o
devices, and adapts Robomaster EP for accurate detection and real-time recognition of tennis balls. 21

Keywords: Tennis ball detection algorithm; Lightweight; Convolutional coordinate attention; Feature 22
fusion; Loss function; Activation function 23

1. Introduction 24

Despite the popularity of tennis, the experience of the sport suffers from picking up the =5
large number of tennis balls on the court. To solve the problem of low efficiency of manual 26
ball pickup, many intelligent tennis ball pickup devices have emerged on the market, but 27
they are mainly human-driven and mainly rely on the downward pressure action of the 2.
arm to pick up the tennis ball, which needs to repeat the arm lifting action several times 2o
during the pickup process. 30

With the rapid development of the robotics industry, service robots are becoming s
increasingly popular. The International Federation of Robotics (IFR) defines service robot 2
[1] as a robot that works semi-autonomously or fully autonomously, and service robots are  ss
divided into two categories according to their uses: home service robots and professional s
service robots. Service robots for the tennis field are very rare in China, and most of them s
do not have models based on real environments. However, the world’s first tennis AI s
ball-picking robot, Tennibot [2], has emerged abroad, using computer vision and artificial s
intelligence technology to automatically locate, detect and catch tennis balls, but the s

© 2022 by the author(s). Distributed under a Creative Commons CC BY license.


https://www.mdpi.com
https://doi.org/10.20944/preprints202211.0561.v1
http://creativecommons.org/licenses/by/4.0/

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 30 November 2022 d0i:10.20944/preprints202211.0561.v1

2 0f 18

detection and recognition efficiency is not high. Therefore, service robots for the tennis 3o
field are in greater demand and have a good market value, broad market prospect, and 4o
certain practical significance. a

Most of the traditional tennis ball detection algorithms are based on image processing  «2
methods [3], which mainly use computer vision or image sensors to process the image, 4
range through digital image processing techniques [4], and apply target-ranging correlation 44
algorithms to identify tennis balls. OpenCV-based image recognition firstly preprocesses s
the image, extracts features using correlation algorithms, sets different radius thresholds to 4
screen the target, and finally determines whether it is a tennis ball based on the contour -
features, the commonly used method is based on the Hoff circle transform to detect tennis 4=
balls. Compared with manual ball pickup, the detection efficiency of the image-processing- 4o
based method is improved, but it is affected by different detection scenes, different time  so
periods, and tennis ball occlusion. For example, different detection scenes and different s
time periods produce a certain degree of interference in identifying tennis balls, changes s
in the light lead to difficulty in extracting some target features, and the phenomenon of s
tennis ball occlusion leads to missed and false detection. In addition, the traditional tennis s
ball detection algorithm has a large number of model parameters, a large computational s
volume, Low detection accuracy, and a complex model structure, which is not conducive to  ss
porting to embedded devices. 57

For the above problems, we propose a lightweight tennis ball detection algorithm  se
YOLOv5s-Z based on Robomaster EP [5] to achieve accurate detection and recognition s
of tennis balls. Robomaster EP is a programming-oriented educational robot from DJI e
with powerful scalability and programmability to perform a variety of complex tasks. e
Robomaster EP uses a High-performance servo as the main drive component, with a small 2
side gap, high torque, and high repeat positioning accuracy. A parallel robotic arm is s
assembled on the top of the servo, a monocular camera is assembled on the top of the arm s
for real-time display and image transmission, and a mechanical claw is assembled at the s
end of the arm, which is used in conjunction with the mechanical claw. The infrared depth s
sensor is assembled on the top, based on TOF [6] (Time of Flight) principle, the sensor emits &7
modulated near-infrared light, and after encountering the reflection of the object, the sensor s
calculates the distance to the object by calculating the time difference or phase difference oo
between the light emission and reflection to achieve intelligent obstacle avoidance [7] and 7o
environment perception [8].Robomaster EP adapts to lightweight models, facilitating the 7.
porting and implementation of algorithms, calling algorithms through interfaces to achieve 72
real-time detection and recognition, with high computational performance. 73

The main work and contributions of this study are as follows: Firstly, the lightweight 7
backbone network G-Backbone and G-Neck network layers are proposed to reduce the 7
number of parameters and computation of the model and build a lightweight model. 7
Secondly, the convolutional coordinate attention mechanism is proposed to embed the 77
location information into the channel attention, so that the network can obtain information s
of a larger area and enhance the expression ability of mobile network learning features. In 7o
addition, the Concat [9] module in the original feature fusion is modified into a weighted o
bidirectional feature pyramid W-BiFPN with settable learning weights to enhance the &
feature fusion capability and achieve efficient weighted feature fusion and bidirectional
cross-scale connectivity. The EIOU Loss [10] is introduced to split the influence factors of s
aspect ratio to calculate the length and width the of target and anchor frames separately to s
solve the problem of imbalance between difficult and easy samples, the activation function s
Meta-ACON [11] is introduced to achieve an adaptive selection of whether to activate s
neurons and improve the detection accuracy. Finally, The experimental results show that &7
compared with the YOLOvS5s algorithm, the YOLOv5s-Z algorithm reduces the number of &
parameters and computation by 42% and 44%, the model size by 39%, and 2% improvement s
in average accuracy mean value, which verifies the effectiveness of the improved algorithm s
and the lightweight of the model to meet the deployment requirements of embedded o
devices and can be used for Robomaster EP accurate detection and real-time recognition. o2
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Meaning that the proposed tennis ball detection algorithm has practical significance and s

future prospects. o4
2. Related Work and Motivation o5
2.1. Tennis ball detection algorithm %6

Tennis ball detection algorithms are mainly divided into methods of machine learn- o7
ing, image processing and deep learning. Ball objects generally have only two features, s
color and shape, and machine learning methods are relatively complex and not applicable o
to tennis ball recognition. Image processing mainly uses computer vision or image sen- 1o0
sor methods, mostly based on OpenCV image recognition [12], which recognizes tennis 10
balls by their color and shape features, firstly preprocessing the image, then extracting o=
image features, and finally applying OpenCV-related algorithms for recognition. Image 103
processing-based methods are susceptible to environmental and equipment influences, re- 104
sulting in difficult extraction of image features and low detection accuracy and recognition os
efficiency. Compared with machine learning and image processing methods, deep learning- 106
based tennis ball detection algorithms can achieve accurate detection and recognition of 107
tennis balls. Gu et al. [13] proposed a model based on AlexNet [14] and SSD [15] for tennis  1oe
ball recognition, using deep learning to divide the image recognition into two steps, using 100
the AlexNet network model to test whether there is a tennis ball in the image, if thereisa 110
tennis ball, using SSD network model to locate the tennis ball, otherwise using AlexNet to 111
continue checking the next image. Gu et al. [16] proposed a deep learning-based tennis ball 112
collection robot using YOLO [17] model for tennis ball recognition and implemented it on 113
an Nvidia Gitzo TX1 board. 114

2.2. Target detection algorithms 115

Traditional target detection algorithm, the main steps are: first select the candidate 1
region on the image, then perform feature extraction, and finally use the classifier for 117
classification. There are disadvantages such as low detection accuracy, high computational 118
cost, and poor robustness.Deep learning-based target detection algorithms rely on a large 110
amount of data to obtain feature information through autonomous learning and model 120
training of convolutional neural networks [18] to achieve high-precision and high-efficiency 12
detection and recognition. There are two main categories of deep learning-based target 122
detection algorithms. The first category is the two-stage target detection algorithm based 123
on region recommendation, the main steps: first generate candidate regions, and then 124
classify the candidate regions. The representative algorithms are R-CNN [19], Fast R-CNN 125
[20], Faster R-CNN [21], Mask R-CNN [22], etc. The main idea is to extract the image 12
features by a convolutional neural network, use the region extraction network to give 127
the candidate frame of the image target to be detected, and use the detection head with 12
convolution to classify the target in the candidate frame to complete the detection. The 120
accuracy is high, but the speed is slow. Another category is the one-stage method target 130
detection algorithm based on the regression idea, that is, end-to-end, single-stage detection s
of objects, for a picture using only one convolutional neural network prediction to get the a2
category probability and position coordinates of different targets, which greatly improves s
the detection speed and the operation speed of the algorithm to meet the demand of s
real-time detection, the representative algorithms are RetinaNet [23] YOLO, SSD, etc. The 135
main idea of the algorithm is to extract features directly in the network, transform the 116
target localization into a border regression problem, and complete the localization and  1s7
classification tasks at once, which is faster but less accurate. 138

2.3. YOLOu5 Algorithm 130

The network structure of the YOLOv5s algorithm is shown in Figure 1. YOLOvV5is 140
a single-stage target detection algorithm with good performance at present, based on the = 1a
idea of regression, which reduces the target detection problem to a regression problem. 1a
The network model consists of the Input, Backbone, Neck network layer, and Output. The 14
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main role of the Input is to pre-process the input image, which mainly include mosaic data 1sa
enhancement, adaptive anchor frame calculation, adaptive image scaling. The main role 1as
of Backbone is to extract the image features, which mainly include Focus, Conv, C3, SPPF 146
Modules. The main role of the Neck network layer is to fuse the information of different 1
network layers in the Backbone to further improve the detection of the network. The main 14
role of the Neck network layer is to fuse the information of different network layers in the 1
Backbone to further improve the detection capability of the network. It mainly adopts the 1so
structure of FPN+PAN to realize the transfer of target feature information of different sizes, s
strengthen the network feature fusion capability, and solve the multi-scale problem. The 1s2
main role of the Output is to predict targets of different sizes on different feature maps, 1s:
generate bounding boxes and predict categories, which mainly includes the calculation of 1sa
loss functions and non-maximum suppression operations. 155

: = ConV Bottleneck x n
Concat ConV

ilnput

i Backbone

o]

W

2.4. Lightweight neural networks 156

MaxPooling MaxPooling ggg MaxPooling

Figure 1. YOLOVb5s network structure.

Since the introduction of AlexNet, neural networks have been widely used in image 1s
classification, image segmentation, target detection, and other fields. Due to the limita- 1ss
tion of storage space and power consumption, it is difficult to store and compute neural 1se
networks on embedded devices. With the iterative update of embedded devices and the 160
diversified development of model application scenarios, traditional neural network models e
are gradually replaced due to a large number of parameters and computation and complex e
network structure, and lightweight neural network structures emerge. In recent years, e
many excellent lightweight neural network structures have emerged. For example, Effi- 164
cientNet [24] uses a model composite scaling method and AutoML [25] technique to scale 165
up the convolutional neural network in a more structured way using a simple and efficient 166
composite coefficient. SqueezeNet [26] uses a different convolutional approach from the e
traditional one by proposing a Fire module. MobileNet [27] builds a network based on  1es
depth-separable convolution, splitting the standard convolution into a depth convolution 1ee
and a point convolution, and controlling the width and resolution size of the model by 17
two hyperparameters. ShuffleNet [28] uses grouped convolution to reduce the number of 17
parameters and uses channel shuffling to achieve information exchange between different 172
groups. GhostNet [29] proposes a new basic unit of the neural network, the Ghost module, 17
that uses inexpensive operations to generate as many feature maps as possible at a small = 17
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cost, without changing the size of the output map or the channel size, reducing the number 17
of parameters and computation of the model. 176

2.5. Motivation 177

To propose a lightweight tennis ball detection algorithm based on Robomaster EP for 17s
tennis ball detection and recognition, we have two main considerations. Firstly, Robomaster 17
EP is a programming-oriented educational engineering robot from DJI with powerful iso
scalability and programmability, as shown in Figure 2. A parallel robotic arm is used 1e
instead of the gimbal structure installed in the middle of the chassis, and the graphical s
transmission system is retained. A monocular camera is assembled on the top of the robotic  1es
arm for real-time display and image transmission, and a mechanical jaw is assembled at  1ss
the end of the robotic arm At the end of the robot arm is equipped with a mechanical jaw, 1es
the robot arm, and the mechanical jaw cooperates to perform more complex tasks. The s
Robomaster EP is different from other tennis ball picking devices, with more comprehensive ez
performance and the following advantages: (1) small size, a total weight of 3.3kg, and easy 1es
to carry. (2) Large storage space, with a microSD card, supporting up to 64GB. (3) Large s
range of movement of the robot arm and the opening and closing distance of the robot s
claw, the robot arm, and the robot claw work together to move more flexibly and more 10
efficiently. (4) broader detection range, the top assembled infrared depth sensor detection o2
range of 0.1-10 meters. Mechanical arm top assembly monocular camera, real-time display 1es
images. (5) Strong scalability and programmability, better compatibility, easy to call and 104
deploy algorithms. (6) Large battery capacity, long standby time, and endurance can reach  1e5
one hour. Secondly, the detection performance is maintained stable under real detection 106
scenarios. The real scenario of tennis ball detection differs from other detection scenarios in o7
that the number of tennis balls on the tennis court is often high and there is partial tennis 108
ball occlusion, and it is also easily affected by weather and light. The image processing  1e0
method using OpenCV leads to difficult feature extraction, low detection accuracy, and poor 200
recognition effect. The deep learning-based tennis ball detection algorithm can effectively 2o
avoid the above phenomena, and according to the subsequent experimental results, it 202
shows better detection performance and more robustness in different detection scenes or 2o
different periods of the same scene. 204

According to existing research, inspired by certain, this paper substantially reduces the 208
number of parameters and computation by constructing a lightweight network structure, zo6
incorporates convolutional coordinate attention in Backbone to enhance the ability of the 20
backbone network to feel the field and capture the location information, incorporates zos
W-BiFPN in Neck to enhance the feature fusion ability and improve the detection speed, 200
and introduces EIOU Loss and Meta- ACON to enhance the detection accuracy. Asa 210
result, the proposed lightweight tennis ball detection algorithm based on Robomaster EP is 211
adapted to Robomaster EP to meet the deployment requirements of embedded devices for 22
accurate detection and real-time identification and to promote the development of deep 213
learning-based tennis ball detection algorithms, which has certain market prospects and 21
practical significance. 215

Figure 2. Robomaster EP.
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3. YOLOv5s-Z algorithm 216

This study proposes a lightweight tennis ball detection algorithm YOLOv5s-Z based 217
on Robomaster EP based on the YOLOV5s algorithm v6.1 version for improvement and  2:s
optimization, the network structure is shown in Figure 3, which mainly consists of the =21s
input, lightweight G-Backbone and G-Neck network layers and the output. 220

; : G-Conv2d BN | SiLU

{ Input 3

H P = G-ConV Bottleneck x n
"""""" G-ConV

Detect0

Backbone

o]

MaxPooling

MaxPooling £q MaxPooling

Figure 3. YOLOvV5s-Z network structure.

3.1. G-Backbone 221

Based on the lightweight neural network GhostNet, the Conv and C3 modules are 222
lightly processed to form the new lightweight G-Conv and G-C3 modules, and the model is  z2s
pruned to construct the lightweight G-Backbone, and the convolutional coordinate attention — 22a
mechanism G-CA is incorporated into the G-Backbone to enhance the perceptual field 225
and the ability to capture location information of the backbone network to better extract 226
the features of the input image. GhostNet is a new end-side neural network architecture 227
proposed by Huawei Noah’s Ark Lab, which builds a lightweight neural network GhostNet 22
by stacking Ghost modules to get Ghost BottleNeck. The structure of the G-Backbone 225
network is shown in Table 1. 230

Table 1. G-Backbone network structure.

layer from params module arguments
0 -1 4656 Conv [3,32,6,2,2]
1 -1 12416 G-Conv [32,64,3,2]
2 -1 14776 G-C3 [64,64,1]
3 -1 43232 G-Conv [64,128,3,2]
4 -1 51472 G-C3 [128,128,2]
5 -1 160160 G-Conv [128,256,3,2]
6 -1 189808 G-C3 [256,256,3]
7 -1 615200 G-Conv [256,512,3,2]
8 -1 621472 G3 [512,512,1]
9 -1 24608 G-CA [512,512,32]
10 -1 700208 SPPF [612,512,5]
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In above table, layer denotes the number of layers, from denotes the layer from which 23
the module comes, where -1 denotes the previous layer, params denotes the number of 232
parameters, module denotes the name of the module, and arguments denote the relevant = 2ss
information of the module, mainly including the number of input channels, the number of 234
output channels, the size of the convolution kernel, step information, etc. 235

For a conventional convolutional neural network, the dimension of the input feature 236
map is cxhxw, where c represents the number of channels, h represents the height of the  2s7
feature map, and w represents the width of the feature map. The size of the convolution 23s
kernel is cxk?xn, where k represents the size of the convolution kernel and n represents the 230
number of channels of the output feature map. Let the size of the output feature map be 240
h’xw’xn, the total computation is h’xw’xnxcxk?, and the number of parameters is cxk*xn.  2s
The output data of the ordinary convolution Y=Xx*f+b, where X represents the input data, f 2s2
represents the cxn convolutional operations with the size of the k? convolution kernel, b 243

represents the bias term, and the ordinary convolution is shown in Figure 4. 244
- @
Conv
Input Output

Figure 4. The Normal Convolution.

Compared with the ordinary convolution, Ghost convolution is shown in Figure 245
5. The main steps: firstly, a small number of feature maps are generated by ordinary 2ss
convolution, and then a linear operation is performed on the feature maps to generate 247
Ghost feature maps, and the two different groups of feature maps are stitched together to  z4s
finally obtain the same output results as ordinary convolution. 249

Constant mapping

SR e =

ConV

Linear operation
Input Output

Figure 5. The Ghost Convolution.

The output data Y'=Xxf"+b of Ghost convolution is calculated as follows: firstly, the 2s0
feature map Y’ is obtained by ordinary convolution, the feature map of each channel in  2s:
Y’ is generated by a linear operation to generate Ghost feature map Yj;, and then the two 252
groups of feature maps are stitched according to the channels, and the output result is 2s3
finally obtained. The feature map ¢; is calculated as shown in Equation (1), where ¢;; 254
denotes i feature map Y;’ generated in the first step of convolution for the j linear operation, 2ss
and Y;” denotes i feature map in Y. 256

Yij=¢ixY,i € [Lm],j€[L,s] €]

The Ghost module mainly contains a small number of convolutions, a constant map- zs
ping, and linear operations mx(s-1), each with an average kernel size of dxd. The theoretical 2ss
speedup ratio of the Ghost module to upgrade the ordinary convolution is calculated as  2s0

shown in Equation (2): 260
o n-h-w-c-k? B c-k? ~ 5 s
. = = — ~ ~
enew e k24 (s—1)-Eonw-d> Loyl ste—1
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The compression ratio of the number of parameters between the normal convolution e
and Ghost convolution is calculated as shown in Equation(3): 262

n-c-k? S-c
~ ~s
g'C~k2+Sg1-d2 s+c—1

re =

®)

where d represents the size of the convolution kernel when linear mapping is per- zes
formed for each of the m channels, from the calculation results, we know that the theoretical 264
acceleration ratio and compression ratio are equal, then it can be inferred that the compu- 265
tational and parametric quantities of ordinary convolution are s times larger than those ze6
of Ghost convolution. Ghost convolution is a faster and lighter module, and this study ze7
builds a lightweight backbone network based on GhostNet, G-Backbone for better feature zes
extraction of the input image. 260

3.2. Convolutional coordinate attention 270

In this study, we propose a convolutional coordinate attention G-CA, as shown in 2n
Figure 6. By incorporating the convolutional coordinate attention mechanism in the G- 27
Backbone backbone network, multiple convolutions enable the network to obtain location 273
information in a larger area, further enhancing the ability of the backbone network to sense 274
the field and capture location information, and enhancing the expression of the learning =7
features of the mobile network. 2760

Residual

Concat + Conv2d

Cx1xW
C/rx1x(W+H)
BatchNorm + Non-linear

Clrx1%(W-+H)

CxHx1

Conv2d Conv2d Cx1xW

Conv2d Conv2d Cx1xW

Cx1xW

Re-weight
Output

Figure 6. Convolutional coordinate attention.

Studies of neural networks have shown that channel attention significantly improves 27
the performance of the model, but ignores some important location information that 27
facilitates the generation of spatially selective attention maps. Therefore, to alleviate the loss 27
of location information caused by two-dimensional global pooling proposed by attention  2eo
mechanisms such as SENet [30] and CBAM [31], a novel attention mechanism designed for zs
lightweight networks, called coordinate attention CA [32], was proposed by the National  zs2
University of Singapore. Compared to channel attention, coordinate attention transforms  zes
the feature tensor into individual feature vectors using two-dimensional global pooling and  zss
decomposes channel attention into two one-dimensional feature encoding processes that 2es
aggregate features along two directions, one of which captures remote dependencies along e
the spatial direction and the other retains precise location information along the spatial 2e7
direction. The resulting feature maps are finally encoded separately to generate a pair of 2es
direction-aware and position-sensitive feature maps, which are complementarily applied  2es
to the input feature maps and used to enhance the precise localization of targets. 200

Coordinate attention consists of two main steps: coordinate information embedding 2o
and coordinate attention generation. First, given an input feature map X with dimension 202
cxhxw, and using two pooling kernels with spatial ranges (H,1) or (1,W) to encode each  zes
channel along the horizontal and vertical coordinates, respectively, the output of the ¢ 204


https://doi.org/10.20944/preprints202211.0561.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 30 November 2022 d0i:10.20944/preprints202211.0561.v1

90f 18

channel with height h and the ¢ channel with width w is calculated as shown in Equations =zes

(4)-(5) 206
Zh) = ¥ Xelhi) @
0<i<W
220 =5 ¥ Xeljw) ©
0<j<H

The above two transformations perform feature aggregation along two directions, 2¢s
respectively, and cascade to generate two feature maps, which generate feature maps of ze0
spatial information in horizontal and vertical directions f by convolution operation, which 00
is beneficial to the network for accurate target localization, and the calculation formula is  so:
shown in Equation (6): 302

f=6(R([Z",Z2"])) 6)

After the coordinate information is embedded, the above changes are subjected to the 03
cascade operation, which is a nonlinear activation function that is an intermediate feature sos
map of spatial information encoded along the horizontal and vertical directions, which is  sos
decomposed into two tensor sums along the spatial dimension. The transformation opera- sos
tion is then performed using the convolutional transform function, which in turn yields o
the attention weights of the two spatial directions as ¢" and g, respectively, calculated as  sos
shown in Equations (7)-(8): 300

g = ((E(f)) @)
8Y = a((Fu(f))) ®)

The ¢ in the above equation is the Sigmoid [33] activation function, and to reduce 1.
the complexity and computational overhead of the model, the number of channels is s
usually reduced using a suitable scaling ratio, and the output and are expanded as attention 313
weights, respectively. The final output of the coordinate attention mechanism is obtained, s
and the calculation formula is shown in Equation (9): 315

ve(i, ) = Xe(iy ) x gl (i) x g¥ ©)

3.3. G-Neck Network Layer 316

The lightweight G-Neck network layer is constructed, and the weighted bidirectional s:7
feature pyramid W-BiFPN with settable learning weights is proposed to be incorporated = 1s
into the G-Neck network layer, and the settable learning weight coefficient W is set based on 31
the weighted bidirectional feature pyramid BiFPN to further strengthen the feature fusion 320
capability and improve the detection speed to achieve more efficient weighted bidirectional = sz
feature fusion, which is more conducive to network extraction features. 322

Figure 7 shows the development process of Neck networks in recent years, starting  s2s
with the top-down unidirectional fusion FPN feature pyramid structure, which establishes  sze
a top-down pathway for feature fusion and uses feature maps for prediction, which can im- 25
prove the accuracy to a certain extent but will be limited by the unidirectional information s2e
flow. the network structure of PANet[34] for bidirectional fusion, based on the FPN[35] 27
adding a bottom-up path aggregation network. The main idea is that the feature map at the s2s
top layer has stronger semantic information, which is beneficial for object classification, and  s2s
the feature map at the bottom layer has stronger location information, which is beneficial 330
for object localization. the PANet network passes the location information from the bottom 332
layer to the prediction feature layer, which makes the prediction feature layer have both 32
higher semantic information and location information, which is more beneficial for target s3s
detection and thus improves the detection accuracy. the PANet network structure also s
Adaptive feature pooling and full-connected fusion are proposed in the PANet network  sss
structure, where adaptive feature pooling is used to aggregate features between different s3s
layers to ensure the integrity and diversity of features, and full-connected fusion is used to  ss7
obtain accurate prediction layers. The main idea of weighted bidirectional feature pyramid  sss


https://doi.org/10.20944/preprints202211.0561.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 30 November 2022 d0i:10.20944/preprints202211.0561.v1

10 of 18

network structure BiFPN[36] is effective bidirectional cross-connection and weighted fea- 330
ture fusion, top-down feature fusion followed by bottom-up feature fusion, and multi-scale a0
feature fusion is an aggregation of features at different resolutions. 241

repeated blocks

p7 P7

P& P&

P5 PS5

P4 P4

OO
OO
TN

P3 P3

FPN PANet
BiFPN

Figure 7. FPN PANet and BiFPN structure.

Since different input features have different resolutions, the contribution to the output = ss2
features is uneven. To solve this problem, an additional weight is added to each input so s
that the network learns the importance of each input feature.BiFPN uses a fast normalized 4
weighted fusion method, which is calculated as shown in Equation (10): 345

— wl . .
= lictyw (10)

where w; > 0 is achieved by adding the ReLU activation function after each w;, and s
the weights are divided by the weighted sum of all values to achieve the normalization s
operation, and the value of each normalization weight is between 0 and 1. BiFPN integrates sss
bidirectional cross-scale connectivity and fast normalized fusion, and the computational s
equations of the fusion feature process are shown in Equations (11)-(12) for BiFPN at level ss0
6 nodes. , ‘ 351
wy - pe' +wy - Resize(pgn)) a1

td
= Conv
Pe ( w1+ Wy +€

/ i / td / : t
wy - pgt + wy - pd + wy - Resize(pg)
w4+ wh +wh+€

pg" = Cono( ) (12)

In the above equation, péd denotes the intermediate features of the sixth layer in the sz
top-down path, and p2* denotes the output features of the sixth layer in the bottom-up s
path. To improve efficiency, feature fusion is performed using depth-separable convolution, sss
and batch normalization and activation functions are added after each convolution, where sss
Resize is the upsampling or downsampling operation, and w is the learned parameter to  sse
distinguish the importance of different features in the feature fusion process. 357

3.4. EIOU Loss 358

The default loss function in YOLOv5s is CIOU Loss[37]. CIOU takes the aspect ratio  sse
of the regression frame into account in the loss function based on DIOU[38], and increases  seo
the Loss of the detection frame scale as well as the Loss of the length and width, which e
makes the prediction frame more realistic and further improves the regression accuracy. se:
The disadvantage is that there is a vague definition of aspect ratio and the balance problem e
of difficult and easy samples is not considered. In this study, EIOU Loss is introduced, and  ses
the longitudinal influence factors of the prediction frame and the rear frame are split based es
on the penalty term of CIOU Loss, and the length and width of the prediction frame and  ses
the rear frame are calculated separately to solve the problems existing in CIOU Loss. 367

The formula for calculating EIOU Loss is shown in Equation (13): 368

2(b,08") | p*(w,ws') | p*(h,hS!
LEIOU:L10U+Ldis+Lasp:1_10u+p(2 )+p( 5 ) p(2 )
c 2 2

(13)
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From the above equation, we can see that the EIOU Loss consists of three main see
components: the overlap loss between the predicted frame and the real frame Ly, the 37
center distance loss between the predicted frame and the real frame L;;;, and the width 37
and height loss between the predicted frame and the real frame L;sp. where Loy and 57
Lgjs continue the method in CIOU, and the width and height loss L,s, directly makes s
the difference between the width and height of the predicted frame and the real frame 7
minimizes the difference between the width and height of the predicted frame and the rear s7s
frame, which makes the convergence faster. 376

The comparison diagram of the iterative process of CIOU and EIOU loss prediction 77
frames is shown in Figure 8, where the red and green boxes represent the regression process s7s
of CIOU and DIOU prediction frames respectively, the blue box is the real box, and the 7
yellow box is the pre-defined anchor box.From the comparison graph, it can be seen that the  ss0
width and height of EIOU can be increased or decreased at the same time, but CIOU cannot. sa:
In general, EIOU outperforms CIOU, so EIOU Loss is introduced as the loss function in s
this study. 383

ID 0

w | B af 1

Figure 8. Comparison of CIOU and EIOU iterative process.

3.5. Meta-ACON activation function 384

The default activation function in YOLOVvV5s is ReLU, which is the most common  sss
activation function, mainly because of its non-saturation, sparsity, and other properties, sss
with the drawback that it can have the serious consequence of neuronal necrosis. ReLU is  ser

essentially a MAX function, and the formula is shown in Equation (14): 388
ReLU(x) = MAX(0, x) (14)
Consider the n values of the standard maximum function MAX, whose smoothness and  sass
differentiability are approximated by Sg, calculated as shown in Equation (15): 390
n
Z Xl . e.Bxi
=

Sﬁ(xl,x1,x2,..., Xn) = (15)

n
Z e.Bxi
i=1

where § is a connection coefficient, and Sy tends to the maximum when f tends to  sa
infinity, and S B tends to the arithmetic mean when f tends to zero. In neural networks, the o2
common activation function is expressed in the form of max(1,(x),1,(x)) , where 7;(x) 303
and 7, (x) are linear functions. 304

In recent years, the Swish activation function obtained by the NAS search technique  sos
is an approximate smoothing of the ReLU activation function, and the general form of e
the Maxout series activation function of ReLU is analyzed to obtain the general form o7
of the ACON activation function of Swish. ACON is generalized to obtain variants of e
ACON-A, ACON-B, ACON-C, Meta-ACON, etc. In this study, Meta-ACON is introduced 300
to adaptively select whether to activate neurons or not, and a switching factor is introduced 400
to learn the parameter switching between nonlinear activation and linear inactivation to 4o
improve the detection accuracy of the algorithm. 402
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4. Experimental and results
4.1. Experimental environment
This experiment is based on Pytorch 1.11.0 framework, CUDA version 11.5, and

conducted on the PyCharm platform, and the model training is accelerated by GPU. The
specific experimental environment parameters are configured as shown in Table 2.

Table 2. Experimental environment.

Name Configuration parameters
Operating System Windows 11 64-bit
CPU Intel Core i5-12400F
GPU NVIDIA GeForce RTX3060 12G
Memory 16GB
Python Version 3.8
Deep Learning Framework Pytorch 1.11.0 CUDA 11.5
Experimental Platform PyCharm Community Edition 2022.2.3

4.2. Datasets

In this study, 1180 homemade tennis ball datasets are used, and the sources of the
datasets include tennis ball pictures taken by the monocular camera assembled with
Robomaster EP, tennis ball pictures taken by cell phones, and tennis ball pictures obtained
by crawlers, containing different colors, different scenes, and different time tennis ball
pictures to ensure the diversity of the datasets, and the specific information is shown in
Table 3.

Table 3. Datasets.

Category Parameters
Color green, blue, orange, purple, pink, black
Scene tennis court, laboratory, open space
Period morning, noon, evening

The datasets are normatively labeled using Make Sense, with clear annotation. At the
same time, the training set, validation set, and test set are divided according to 8:1:1. Before
training the model, some of the datasets are pre-processed, including randomly increasing
or decreasing the brightness and contrast of images. The datasets are enriched with the
Mosaic data enhancement method that comes with YOLOvV5 to enhance the generalization
ability of the model and the robustness of the validation model. Figure 9 shows an example
figure representing the datasets.

Figure 9. Representative datasets.

404

405

406
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4.3. Training strategy and evaluation index a2

All models are trained from scratch using the same training strategy and parameters, 423
hyperparameter profiles, and preheat training parameters, all without pre-training weights. «2a
The parameters were updated iteratively using an SGD optimizer with an initial learning s=s
rate of 0.01, a momentum parameter of 0.937, and a batch size of 16. The warm-up method 426
with the epoch of 3 and momentum parameter of 0.8 was used to warm up the learning a2r
rate, and all models were trained for 300 rounds. 428

In this study, the model is evaluated using evaluation metrics including mAP@0.5, 20
Recall, Parameters, GFLOPs, and Weight. mAP@0.5 represents the average AP at the IOU 430
threshold of 0.5, which is used to reflect the recognition ability of the model. Recall repre- 4s:
sents the ratio of correctly detected positive samples to all positive samples, Parameters a2
represents the number of parameters of the model, and GFLOPs represent the number of  4s:
floating point operations performed by the model. Parameters and GFLOPs are important 43
indicators of the model algorithm, which measure the complexity of the model in the di- 435
mensions of time and space, respectively. The calculation equations are shown in Equations  4se

(16)-(19).
n
mAP = Y AP (16)
i=1
1
AP = / P(R)dR (17)
0
.. TP
Precision = TP L EP (18)
TP
Recall = TPLEN (19)

Where n represents the number of categories, p represents precision, R represents ass
recall, P(R) represents the precision and recall curves, TP represents the number of detection 430
frames with IOU set threshold, FP represents the number of detection frames with IOU 440
set threshold, and FN represents the number of missed targets. a1

4.4. Comparative experimental results and analysis as2

To verify the effectiveness of the improved algorithm, commonly used target detection a3
algorithms were selected for comparative analysis, and the same training strategy and ass
parameters were used for each group of experiments, and the experimental results are aas
shown in Table 4. 446

Table 4. Contrast experiment.

Model mAP@0.5 Recall Parameters GFLOPs Weight/MB
YOLOvb5s 0.957 0.911 7022326 15.8 14.5
SSD 0.839 0.443 26285486 63 91
Faster R-CNN 0.93 0.935 28536850 181 109
YOLOv5s+Shufflenetv2 0.939 0.915 3792950 7.9 8.1
YOLOv5s+Mobilenetv3 0.947 0.895 3542756 6.3 7.5
YOLOv3 0.964 0.944 61523734 154.9 123.6
YOLOv3-tiny 0.945 0.884 8669876 12.9 17.4
YOLOv4 0.909 0.885 64363101 60.5 244
YOLOv4-tiny 0.868 0.854 6056606 7.0 224
YOLOX-s 0.966 0.966 8968255 26.9 343
YOLOX-tiny 0.971 0.969 5055855 15.4 19.4
YOLOv?7 0.962 0.97 37194710 104.9 713
YOLOv7-tiny 0.968 0.98 6014038 13.1 11.7

Ours 0.978 0.98 4100759 8.8 8.8
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From the comparative experimental results, it is clear that the algorithm proposed sz
in this study has the most comprehensive performance, which takes into account the s
needs of lightweight models and detection accuracy, has strong generalization ability, 4
has the highest average precision mean and recall, and has slightly more number of 4s0
parameters, computation and model size than the lightweight neural networks Mobilenet  as:
and Shufflenet, but Mobilenet and Shufflenet have lower average precision mean and s
recall. Compared with the original YOLOv5s algorithm, the number of parameters and  4s:
computation is reduced by 42% and 44%, respectively, the model size is reduced by 39%, ass
and the average precision mean value is improved by 2%, which verifies the effectiveness of ~ 4ss
the improved algorithm. Compared with the classical target detection algorithms SSD and  4se
Faster R-CNN, the comprehensive performance is more excellent, and the average precision  ss7
means and recall increase significantly while the number of parameters, computation, and  ass
computation is reduced significantly. Compared with the YOLO series of target detection 4se
algorithms YOLOv3, YOLOv4, YOLOX, and the lightweight model, the comprehensive aso
performance is still more excellent. Even compared with the current best-performance e
YOLOV?7 algorithm, the comprehensive performance of the proposed algorithm is better. a2
Compared with YOLOv7-tiny, the number of parameters and computation is reduced e
by 32% and 33%, respectively, and the model size is reduced by 25%, which verifies the  ass
effectiveness of the improved algorithm and the lightweight of the model. acs

4.5. Results and analysis of ablation experiments as6

To verify the feasibility of the improvement module, six sets of ablation experiments ez
were designed on the basis of YOLOV5s, and the same training strategy was used for each  ass
set of experiments, and the results of the ablation experiments are shown in Table 5.Where 60
Improvel indicates the introduction of lightweight G-Backbone, Improve2 indicates the 470
addition of G-CA attention mechanism, Improve3 indicates the addition of W-BiFPN 47
module, Improve4 indicates the introduction of EIOU Loss, and Improve5 indicates the 472
introduction of Meta-ACON activation function. a73

Table 5. Ablation experiments.

G- W- EIOU Meta-

Model Backbone G-CA BiFPN Loss ACON mAP@0.5 Recall Parameters GFLOPs Weight/MB
YOLOV5s 0.957 0.911 7022326 15.8 14.5
Improvel Vv 0.956 0.926 3684542 8.1 7.9
Improve2 Vv 0.961 0.919 7046934 159 14.5
Improve3 Vv 0.959 0.918 7170943 16.4 14.8
Improve4 Vv 0.963 0.97 7022326 15.8 14.5
Improveb v 0.962 0.931 7421478 16.2 154

Ours v v v v v 0.978 0.98 4100759 8.8 8.8

From the results of the ablation experiments, it can be seen that the introduction of 74
G-Backbone significantly reduces the number of parameters, computation, and model 475
size of the network structure, while the average precision means value remains stable, 476
which verifies the effectiveness of the lightweight module. With the introduction of G-CA 47
and W-BiFPN, although the number of parameters and computational volume increase a7s
slightly, the average precision means to value and recall rate are improved, which verifies 479
the effectiveness of the improved module. With the introduction of EIOU Loss, the number  ss0
of parameters, computation, and model size remains unchanged, but the average precision e
mean value is slightly increased and the recall rate is increased by nearly 7%, which verifies ss2
that the performance of EIOU Loss is better than CIOU Loss. . This study incorporates all  ses
the improved modules, the number of parameters, computation, and model size is reduced, ass
and the average precision mean and recall are improved by 2% and 7% respectively, which  aes
takes into account the demand of lightweight model and detection accuracy, further verifies s
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the effectiveness of the improved algorithm, and adapts Robomaster EP to achieve accurate sz
detection and real-time recognition of tennis balls. ass

4.6. Case study 280

We further empirically investigated the detection performance under different scenar- s0
ios, and the detection results are shown in Figure 10, all based on real detection scenarios, 4o
where Figures (a)-(d) represent the detection results of YOLOv5s, and Figures (e)-(h) repre- o2
sents the detection results of YOLOv5s-Z. The detection scenes in Figures (a) and (e) are o3
tennis rackets on an open field, Figures (b) and (f) are tennis courts in the morning, Figures 04
(c) and (g) are tennis courts in the evening, Figures (b)-(g) are real-time detection scenes o5
based on the Robomaster EP monocular camera and Figures (d) and (h) are laboratory asse
detection scenes. The detection results show that the detection effect of YOLOvV5s-Z is o7
better than the YOLOVS5s algorithm in different scenes or different time periods, and the 4es
YOLOvb5s-Z algorithm has higher detection accuracy and stability and better recognition, ass
which further verifies the detection performance of the YOLOv5s-Z algorithm. 500

~tennis
/(y&i
tennis 0.95 .

dtennis

I/%nisg
ennis 0. o<
\ K‘

)

tennis 0.76.._tennis 0.85

tenignnis 5.89
q

D

tennis 0.92

==

0.81

tennitennis 6.51 ;%

[oX
s 080

tennis 0.94

(b) (d) (h)
Figure 10. Comparison chart of test results.

5. Conclusion s01

To adapt Robomaster EP for accurate detection and real-time recognition of tennis balls, sz
we propose YOLOv5s-Z algorithm, construct lightweight G-Backbone and G-Neck network  sos
layers, propose a convolutional coordinate attention mechanism and incorporate it into the  sos
backbone feature extraction network, makes the network obtain location information of  soes
a larger area through multiple convolutions, further enhances the feature extraction. The sos
G-Neck network layer incorporates a weighted bi-directional feature pyramid W-BiFPN  sor
with settable learning weights to further enhance the feature fusion capability and achieve sos
more efficient weighted feature fusion and bi-directional cross-scale connectivity. The loss  sos
function EIOU Loss is introduced to split the influence factor of aspect ratio based on the s
penalty term of CIOU Loss to calculate the length and width of target and anchor frames s
respectively, and the activation function Meta-ACON is introduced to adaptively select s
whether to activate neurons to improve the detection accuracy. Finally, the YOLOv5s- 513
Z algorithm is deployed to Robomaster EP to achieve accurate detection and real-time s
recognition of tennis balls, which verifies the effectiveness of the YOLOv5s-Z algorithm  sis
and the lightweight of the model, and has some practical significance and future prospects s
in the field of tennis ball detection. In future work, we will further optimize the network sz
model and optimize the network structure more comprehensively and deeply to achieve s
mobile target detection and improve detection efficiency and detection accuracy. 510
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