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Abstract: Aiming at the problems that the parameters of YOLOv5s model are too large and the computing 

resources of development board memory are limited, a new target detection method based on deep learning 

YOLOv5 algorithm model is proposed. First, the lightweight module Gz-ShffleNetv2 is used to construct cotton 

top bud feature extraction unit, which reduces the number of parameters and improves the running speed. It 

can be better applied in image classification, speed up detection and meet the requirements of mobile end of 

development board. Secondly, in order to solve the problem of decreasing detection accuracy caused by 

lightweight, BotNet and C3SE attention mechanism are added to focus on specific areas of cotton terminal bud. 

Combined with YYG loss function XIOU boundary frame regression loss, more feature information and rich 

feature MAP were obtained to further improve the accuracy of target detection. Through analysis of research 

and experimental results, the average accuracy map reached 91.3% under the Windos system NVIDIA Geforce 

RTX 2060 SUPER detection. While maintaining high precision identification, the number of parameters of 

YOLOv6 and YOLOv7-tiny network model is reduced by 83% and 53%, respectively, and the detection 

accuracy is increased by 1.2% and 7.7%, respectively. Compared with YOLOv5 reasoning image, the speed of 

image is increased by 0.035s, and the detection accuracy of MAP_0.5:0.95 is increased by 1%. At the same time, 

PyQt5 and YOLOv5 target detection algorithms are used to design a cotton top bud identification system, 

which makes cotton top bud detection more intuitive and convenient for subsequent hardware development 

and use. 

Keywords: YOLOv5s; Gz-ShuffleNetv2; XIoU; Attention Mechanis; Interface system 

 

1.Introduction 

Cotton is an important raw material of Chinese textile industry, mechanical cotton toppling 

machine in the process of operation due to the different level of cotton plants, resulting in incorrect 

toppling, cotton toppling machine effect is not ideal, in order to solve the large area of damage cotton 

plants caused by mechanical cotton toppling machine, resulting in cotton yield reduction, to ensure 

the cotton yield, it is necessary to intelligent toppling of cotton top. With the development of 

intelligent agriculture, intelligent toppling machine is imperative. Intelligent toppling machine can 

first accurately identify the cotton top bud, and then the executing agency can effectively remove the 

cotton plant top bud. How to accurately identify the cotton top bud is the main research problem of 

this paper, which is of great significance to the field of agricultural cotton planting. The deep learning 

recognition algorithm is divided into One-stage and Two-stage. One-stage extracts features from 

input images through convolutional neural network, and then predicts the classification and 

positioning of targets. The detection speed is fast and can avoid false positives, but the detection effect 

on small objects is not very good. Its main representative network algorithms include YOLO[1,2] 

series, SSD[3] series, etc. In the Two-stage, the main candidate areas are developed, and then the 

convolutional neural network is used to predict the target and location. The main advantages are 

high accuracy, slow speed, long training time, and relatively high false positive rate. Its main 

representative model algorithms are RCNN[4–6] series. With the continuous development of target 

detection algorithms, relevant agricultural recognition algorithms have also been proposed. Liu Junqi 

et al in literature [7] used gray processing, image denoising, edge detection and feature extraction to 
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preprocess the image of cotton plants, and then carried out image segmentation, and finally used BP 

neural network for recognition. However, the accuracy of this method is not high enough and the 

recognition accuracy is low. In literature [8], Liu Haitao proposed a method for accurate identification 

of cotton top bud in complex environment based on YOLOv4[9] network. The number of parameters 

of YOLOv4 model is too large, the training time is long and the requirements for hardware 

deployment are high. Literature [10–12] uses the network model MobileNetV2[13] lightweight 

backbone network replacement and attention mechanism to realize the lightweight research on the 

network algorithm YOLO series, which has improved the complexity of the network model, but has 

not given a good consideration to the accuracy. Based on the lightweight of ShuffleNetv2[14], this 

paper improved the lightweight model of Gz-ShuffleNetv2, and replaced the Relu activation function 

by adding the Hard-swish activation function. The Gz-ShuffleNetv2 lightweight model was added 

to the YOLOv5s trunk, and C3SE, BotNet attention mechanism network and XIOU loss function were 

added in order to avoid the decrease of accuracy while the number of parameters was reduced to 

improve the accuracy of cotton top bud recognition, while maintaining a faster recognition speed。 

2. Improved YOLOv5S network 

YOLOv5s netork model continues to follow the network structure of YOLO series, which is 

mainly composed of Input, Backbone, Neck and Head. Figure 1 shows the network structure of 

YOLOv5s. New improved methods are added on the basis of YOLOv4 in the Input input part. These 

include Mosaic data enhancements, which combine four images to create a new image and increase 

generalization. Adaptive picture scaling, according to different input sizes of the picture can be 

adjusted to a fixed size of 640×640 pictures. Focus module is used by Backbone network for slicing 

operation, and the number of parameters in the first three convolutional layers of network model 

YOLOv3 [17] is reduced compared with that in network model Yolov3 [17], which reduces the 

computation and increases the sensitivity field. The new YOLOv5 version starts replacing the C3 

neckCsp module with the neckCsp module. The Inception network, in order to reduce the number of 

parameters, replaces a large-size convolution with multiple small-size convolution, such as 3x3 = 

3x1+1x3, which works better than structured convolutional cores in deep network situations. 

Similarly, the Bottleneck network structure also reduces the number of parameters. Compared with 

the network module, the C3 network module shorties a 1×1 Conv, and removes a BN layer and 

activation function. The C3 module improves reasoning speed and reduces the number of 

parameters. In the new improved model, CBRM module mainly replaces the original Focus module, 

and Gz-Shuffle_block module is used to replace all modules of Backbone department for lightweight. 

Meanwhile, C3SE module and BotNet module are used to replace C3 module in the neck. The 

improved YOLOv5s model is shown in Figure 1 below. 
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Figure 1. Improved YOLOv5s network structure. 

SPPF module can integrate feature maps of different receptive fields. Secondly, the network 

structure of PANet[15] and FPN[16] is used in the Neck part to better combine features extracted 

from shallow layer and deep layer, which can avoid the problem of insufficient detailed features 

taken from deep layer in the process of down-sampling and further strengthen feature extraction. 

The Head part corresponds to the small, medium and large target feature maps output by the Neck 

part respectively 

2.1. Gz-ShuffleNetv2 Network module 

The original model of YOLOv5 is easy to miss detection of small targets in cotton top bud 

identification, and the detection effect of small targets is not very ideal. The original model of 

YOLOv5 has a large number of parameters and high requirements on hardware performance, 

causing certain difficulties in deployment to the development board. In order to solve the problem 

that there is no information exchange between different groups caused by GConv and only cotton 

top bud target feature extraction is carried out in the same group, Shufflenetv2 designed Channel-

Shuffle operation to shuffle the information of different channels and realize the information 

exchange of different groups, as shown in Figure 2. The Gz-ShuffleNetv2 network module uses the 

Hard-swish activation function to replace the original ReLu activation function. The output values of 

ReLu activation function for the cotton top bud data set are all greater than 0. When the value is less 

than 0, it will inevitably cause the death of neurons, namely the disappearance of gradient, resulting 

in the failure to update the weight. When the activation function is activated by Hard-swish, it has 

the characteristics of no upper bound, lower bound and non-monotonicity. Only when the input 

value of cotton data set is less than -3, can the gradient disappear be avoided, which greatly reduces 

the shortcomings caused by ReLu activation function. Meanwhile, the calculation speed is faster, the 

calculation cost is low and the cost performance is higher. 
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Figure 2. Gz-ShuffleNetv2 network module. 

2.2. C3SE attention mechanism module 

C3SE attention mechanism network carried out global average pooling on the input cotton top 

bud data feature map, transformed the cotton top bud data feature map into 1×1× channel number, 

and then adjusted the pooled cotton top bud feature map again by using the full connection layer 

and activation function to change the weight of each cotton top bud feature map, and then multiplied 

with the input cotton top bud feature. The overall task is to give weight to each cotton top bud feature 

map, focusing on the most important top bud feature. 

 

Figure 3. C3SE attention mechanism network module. 

2.3. BotNet Attention mechanism module 

BoTNet is a Bottleneck structure that is simple and powerful compared to ResNet [26] 

convolutional neural networks, which tend to incorporate multiple self-attention mechanisms into 

computer vision tasks of target detection. Bottleneck 3*3 convolution in the ResNet50 network is 

replaced with a Multi-Head Self-Attention (MHSA) structure, which is Bottleneck 3*3, as shown in 

Table 1. A ResNet library, which introduces MHSA structures, is a Bottleneck Transf ormer (BoT). 

The multi-head self-attention layer includes relative position coding and multi-head self-attention 

model. The multi-head self-attention model is not only used for semantic recognition, but also can be 

combined with other capabilities to be applied to the YOLOv5 network model for cotton top bud 

classification. During training, relative position coding and multi-head self-attention can be used to 

enable the network model to learn more features and details of pictures [27], thus improving the 

network performance. 

2.4. Loss function improvement 

The loss function of YOLOV5 is composed of position, confidence and  class loss function, as 

shown in Equation (1); CIOU[17] loss function, as shown in Equation (2); v, as shown in Equation (3), 
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measures the similarity between the length and width ratio of the predicted frame and the real frame, 

where Equation (4) a is the weight function. 𝑤𝑔𝑡  is the true frame width，ℎ𝑔𝑡  Is the true height of 

the box，w is the width of the forecast frame, h is the height of the forecast frame, c is the minimum 

external frame containing the forecast frame and the real frame, ρ is the center point of the forecast 

frame b and the center point of the real frame 𝑏𝑔𝑡 Distance between。When the width of the real 

box is infinitely large and the height infinitely small, and the prediction box is infinitely close to 0, v 

is 1 at this time, the gradient can be updated continuously. The closer the real box is to the prediction 

box, the smaller v will be. If the true aspect ratio is the same as the true aspect ratio, and the real frame 

and the prediction frame are concentric, the CIOU will degenerate into IOU loss function. When the 

prediction frame and the real frame do not intersect, the loss will be 0 and the gradient cannot be 

updated iterately, resulting in the reduction of the target detection rate. In Formula (5) EIOU[18] loss, 

the influence factors of aspect ratio of CIOU are disassembled to calculate the length h and width w 

of real frame and forecast frame respectively, as shown in Formula (5), which consists of three parts, 

including the loss of overlapping, center distance and width. The overlap and middle distance parts 

were not changed, and the CIOU method was continued to be used. The width and height loss was 

added to solve the problem that the width and height of the CIOU could not increase or decrease at 

the same time, so that the width and height difference between the target box and the forecast box 

was minimized. The introduced EIOU loss function converges faster, ρ is the center point w of the 

predicted frame width and the center point of the true frame width 𝑤𝑔𝑡  Distance between，𝑐𝑤，𝑐ℎ 

Respectively are the width and height of the minimum external frame covering the predicted frame 

and the real frame. EIOU loss function cannot take into account the advantages of CIOU loss function. 

In the training, the effect of Eiou loss function is not as good as that of CIOU. XIOU loss function can 

complement CIOU loss function and EIOU loss function. Meanwhile, both sides degenerate into IOU 

loss function, which makes it impossible to regression and more difficult to identify the blocked 

cotton top bud. 

      𝐿𝑜𝑠𝑠 = 𝐿𝐶𝐼𝑂𝑈 + 𝐿𝑜𝑏𝑗 + 𝐿𝑐𝑙𝑠 (1) 

              𝐿𝐶𝐼𝑂𝑈 = 1 − 𝐼𝑂𝑈 +
𝜌2(𝑏，𝑏𝑔𝑡)

𝑐2
+ 𝑎𝑣 (2) 

  𝑉 =
4

𝜋2
(𝑎𝑟𝑐𝑡𝑎𝑛

𝑤𝑔𝑡

ℎ𝑔𝑡
− 𝑎𝑟𝑐𝑡𝑎𝑛

𝜔

ℎ
)

2

(3) 

  𝑎 =
𝑈

(1 − 𝐼𝑂𝑈) + 𝑣
(4) 

                𝐿𝐸𝐼𝑂𝑈 = 1 − 𝐼𝑂𝑈 +
𝜌2(𝑏, 𝑏𝑔𝑡)

𝑐2
+

𝜌2(𝜔, 𝜔𝑔𝑡)

𝑐𝜔
2

+
𝜌2(ℎ, ℎ𝑔𝑡)

𝐶ℎ
2

(5) 

XIOU loss function improves the precision of cotton top bud. XIOU loss is combined with 

regression of prediction frame and real frame to avoid the problem that the center point overlapped 

and the aspect ratio was the same, which degenerates into IOU loss function and causes the boundary 

frame regression to be impossible, so the boundary frame regression can be better completed as 

follows: (6)  

 𝐿𝑋𝐼𝑂𝑈 = 1 − 𝐼𝑂𝑈 +
𝜌2(𝑏, 𝑏𝑔𝑡)

𝑐2
+

𝜌2(𝜔, 𝜔𝑔𝑡)

𝑐𝜔
2

+
𝜌2(ℎ, ℎ𝑔𝑡)

𝐶ℎ
2 + 𝑎𝑣 (6) 

3. Analysis of experimental results 

3.1. Experimental environment and its configuration 

Cott on top bud data sets were obtained through on-site shooting in the cotton planting 

experimental site in Shihezi City, Xinjiang Uygur Autonomous Region of the People's Republic of 
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China, and 3103 data sets were obtained through data enhancement, which were divided into single 

target top bud, multi-target top bud, and blocked top bud, which were respectively shot under sunny, 

cloudy and other lighting conditions. Training set verification Set 8: Data enhancement is used to 

improve generalization in classification. The distribution of data sets is shown in Figure 4 below. 

pytorch, a deep learning framework, is used to build an experimental operating environment for the 

study of cotton top bud pictures. The CPU is Xeon Bronze 3106, the GPU is Geforce RTX 2060 SUPER, 

Win-dows is selected as the main operating system, python-3.7 programming language is used to call 

the libraries needed by CUDA, etc., for the classification training and testing of cotton top bud image 

data set. 

 

Figure 4. C3SE attention mechanism network modul. 

3.2. Evaluation index 

The performance of the deep learning object detection algorithm is mainly reflected by Precision 

(Equation (7), Recall (Equation (8), and mean Average Precision (MAP). 

  𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
(7)

 

     𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
(8) 

TP represents the correct boxes predicted from positive samples; FP represents the boxes 

predicted from positive samples by negative samples; FN represents the number of negative samples 

predicted from positive samples; TP+FP represents the correct boxes predicted from positive samples 

plus the boxes predicted from negative samples, namely, the number of prediction boxes. TP+FN 

means the number of correct boxes predicted by positive samples plus the number of negative 

samples predicted by positive samples, that is, the number of marked boxes. The higher the MAP, 

the better the prediction performanceFurther notes on the usage of the dataset that will help other 

researchers to quickly get their hands on the dataset and work with it.  

3.3. Object detection model detection compariso  

Through the experimental analysis of the three models using the same data set, it is concluded 

that compared with YOLOv6[19] and YOLOv7[20], the improved YOLOv5s significantly reduces the 

number of parameters and model size, and the MAP accuracy is 7.7% higher than that of Yolov7-

Tiny. The number of parameters of YOLOv7-tiny is too large and the training time is too long. 

Therefore, it is ideal to use the method in this paper to improve YOLOv5s. 
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Table 1. Network model comparison diagram. 

Model MAP（%） Params/M Model size /MB 

Textual method 91.3 2.90 6.70 

YOLOv6s 90.4 37.8 38.02 

YOLOv7-tiny 83.5 6.0 12.2 

3.4. Effect comparison of different loss function models 

By comparing the improved YOLOv5 model with the traditional loss functions DIOU[21], CIOU 

and EIOU, the test data are obtained in Tables 3 and 4. Through the test verification and comparative 

analysis, it can be concluded that the research method in this paper reduces the number of parameters 

while adding Gz-ShuffleNetv2. By joining C3SE and BotNet attention mechanism network, we can 

maintain high accuracy and improve the detection speed. Achieve the effect of embedding embedded 

devices。 

Table 2. Network model comparison diagram. 

Model MAP@0.5(%) MAP_0.5:0.95(%) Params/M Model size /MB 

Shufflenetv2+XIOU 91.2 46.2 3.7 7.97 

Shufflenetv2+DIOU 90.9 47.6 3.7 7.97 

Shufflenetv2+EIOU 89.1 49.1 3.7 7.97 

Shufflenetv2+CIOU 90.4 44.3 3.7 7.97 

Textual method 91.3 50.2 2.9 6.70 

Table 3. Loss function model effect comparison. 

Backbone+Neck MAP@0.5(%) MAP_0.5:0.95(%) Params/M FPS 

Shufflenetv2+4C3SE 90.6 46.2 3.29 45 

Shufflenetv2+BoT+3C3SE 90.3 49.2 3.21 45 

Shufflenetv2+BoT+3C3SE 90.3 49.2 3.21 45 

Shufflenetv2+C3SE+BoT+2C 90.8 45.3 3.27 43 

Shufflenetv2+2C+BoT+C3SE 91.1 43.5 3.21 47 

Textual method 91.3 50.2 2.95 47 

3.5. Evaluation index 

YOLOv5s target detection network structure has four network models, which are YOLOv5s, 

YOLOv5n, YOLOv5m and YOLOv5l, respectively. Through experimental comparison on coco128 

data set, the author concludes that YOLOv5s has the best detection accuracy and speed. At the same 

time, his network depth and width is also the best. Gz-ShuffleNetv2, MobileNetv3[22], GhostNet [23], 

EIOU and YOLOv5s were selected as independent variable modules, and the control variable method 

was adopted to study and compare the improvement effects of each method on the YOLOv5s 

network model. Table 4 shows the ablation results. 

Table 4. Ablation experiment results. 

YOLOv5s T-method EIOU Shuf-v2 Ghostnet Mo-V3 XIOU MAP@0.5(%) MAP_0.5:0.95(%) Params/M 

√       90.8 45.9 7.01 

  √ √    89.1 49.1 3.79 

    √   91.0 47.3 3.68 

  √  √   90.3 47.4 3.68 

  √   √  89.1 49.2 3.54 

   √    90.4 47.1 3.79 

   √   √ 91.2 49.0 3.79 

 √      91.3 50.2 2.91 
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As can be seen from Table 5, ShuffleNetv2 network and EIOU network module have the same 

effect on average precision MAP as network model YOLOv5s network module. Although 

ShuffleNetv2 has fewer parameters and model parameters than GhostNet and MobileNetv3, 

Compared with the original YOLOv5, the average accuracy MAP is basically the same and the 

detection speed is better. Therefore, ShuffleNetv2 and XIOU are selected as the combination for target 

detection. Table 6 shows the fusion experiment with the original YOLOv5s model based on different 

experimental modules. Ghostnet and MobileNetv3 methods were used respectively to take YOLOv5s 

as independent variable modules, and the fusion method of different modules was adopted to study 

the improvement effect of each combination module on the YOLOv5s network, and to detect the 

average accuracy AP of each cotton plant terminal bud. The AP calculation method (average index 

accuracy) is shown in Formula 8. It can be intuitively seen from the table that AP value of Multiple 

plants is higher, while that of Shelter plants is lowest 

𝐴𝑃 = ∫ 𝑃（𝑅）
1

0

dR  (8) 

Table 5. MAP test results of different terminal bud targets. 

Model Single Plant Multiple plants Shelter plants 

YOLOv5s 0.958 0.978 0.811 

Shufflenetv2+XIOU 0.937 0.978 0.821 

MobileNetV3+EIOU 0.948 0.984 0.764 

Ghostnet 0.947 0.954 0.806 

Ghostnet＋EIOU 0.937 0.969 0.804 

Shufflenetv2 0.937 0.979 0.802 

Textual method 0.954 0.980 0.805 

3.6. Experimental analysis of target detection 

When the superparameters were the same, batch-size was set to 20, the original YOLOv5s 

network model was compared with the improved YOLOv5s model for training and testing, and the 

PR curve as shown in the following figure was obtained when the threshold of IOU was 0.5. The area 

enclosed by the corresponding curve and the horizontal and vertical coordinates is AP of this type. 

The closer the curve is to the upper right corner, the larger the AP will be and the better the effect 

will be. It can be seen from Figure 4 that the four thin curves from top to bottom respectively represent 

Single Plant, Multiple plants and Shelter plants of cotton top bud. It can be seen from Figure 4 that 

the identification accuracy of Multiple plants is the highest, basically covering the whole area. Single 

Plant increased by 1% compared with the original network, and Shel-ter plants increased by 1.0% 

compared with the original network. Figures 3 and 4 more intuitively show the effect before and after 

the improvement of the network model. 

Figure 5 Compares the MAP of YOLOv5s model before and after improvement by using the 

obtained data, and takes the average accuracy of all categories with IOU threshold of 0.5 to 0.95. The 

blue and black lines are the YOLOv5s mAP_0.5 curves before and after the improvement, and the red 

and green curves are the YOLOv5s MAP_0.5 curves before and after the improvement. According to 

the experimental results of curve comparative analysis, the MAP threshold is within the range of 0.5. 

The lightweight YOLOv5s curve is roughly the same as the original network MAP, with a 1% increase 

in MAP threshold between 0.5 and 0.95. 
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Figure 5. Improved YOLOv5s PR map. 

 

Figure 6. MAP Average precision comparison map. 

Figure 7 shows the convergence of the loss function of the improved YOLOv5s network model. 

It can be seen from the figure that the convergence of three loss verification functions is achieved 

without over-fitting, and the target detection effect is effective. 

 

Figure 7. Loss function diagram. 
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3.7. Different models test the effect of the image 

By comparing the YOLOv5 network model before and after the improvement, it can be seen that 

the cotton top bud identified by the original YOLOv5 model did not fully identify the top bud, and 

the confidence level was low. The improved YOLOv5 detection model could not only identify the top 

bud, but also improve the confidence level. The target detection speed was maintained while the 

number of parameters was greatly reduced. When it is implanted into mobile embedded devices, it 

can meet the requirements of dynamic tracking, high-precision detection and improve detection 

speed, so as to achieve good operation results. 

 

Figure 8. Original yolov5 model. 

 

Figure 9. Improves the yolov5 model. 
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4. Experimental analysis of interface system 

4.1. Interface system introduction 

When the YOLOv5s target detection model makes inference analysis on pictures or videos, it 

cannot analyze the data intuitively. Based on this problem, an interactive cotton top bud detection 

interface system is developed by using PyQt5 framework to improve the YOLOv5s target detection 

model. The interface of the cotton top bud detection system mainly consists of four parts. Weight 

model replacement interface, screen display interface, function area interface, test result output area 

interface, as shown in Figure 10。 

 

Figure 10. Cotton terminal bud detection interface system. 

Main Window is a basic category in PyQt5 frame, which can set the size of basic interface 

components and place other controls. In this paper, QLabel is used to design two screen interfaces 

for cotton top bud detection system. The left side is used to input cotton top bud picture or video 

interface, and the right side is used to output waste detection interface. When the camera is turned 

on to process data, the original shot picture is displayed on the left side, while the right side is the 

real-time cotton top bud detection interface. The function area includes the control of the left input 

interface, click the "enable" button on the left interface, open means to select the path of the input 

image or video and open the camera, after selecting the right window interface and click the predict 

button to predict. The stop button can be controlled in the middle of the process. The save path can 

be selected to save the predicted video or picture. In the output area of detection results, category 

information of detection results and time system of image processing can be observed more 

intuitively, and it is convenient to understand the detection process。 

4.2. Interface system test 

Through the image processing functional area of the cotton top bud detection system, the 

improved YOLOv5s network model algorithm was used to detect and verify the cotton top bud 

images. The improved YOLOv5 model and the original YOLOv5s model were selected to detect the 

blocked images. After the improvement, the reasoning image speed of the YOLOv5s network model 

is accelerated by 0.018s and the confidence is also increased by 11% to achieve the detection effect. 
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Figure 11. YOLOv5S model improved front and rear interface system. 

5. Conclusions 

By improving the lightweight model of YOLOv5 and replacing the loss function with XIOU loss 

function, the prediction box can be returned to the real box more quickly, and BotNet and C3SE 

attention mechanisms can be added to focus more on specific areas of cotton top bud. It can be seen 

that the improved YOLOv5s network model detection system has a significant improvement effect. 

The detection accuracy can be improved, and the image reasoning detection time is accelerated by 

0.018s. Compared with the original YOLOv5s model, more parts of the cotton top bud that are 

blocked are also identified, and the confidence is greatly improved. The lightweight model achieves 

the effect. 
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