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Table 1 Effect of batch size on model
geikd IR g ams mem
Batch size an average Precision P/%  Rcall R/%  Confidence/%
precision mAP%

10 87.3 92.1 96.0 86.0

12 88.2 93.2 96.0 84.0

15 88.5 93.5 96.0 84.0

17 89.1 94.2 96.0 82.0

20 90.3 95.2 95.0 86.0

25 89.1 94.2 96.0 85.0
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Table 2 Comparison of attention mechanism models

T T YR

Pecv=wabiNill ;EE\YMEH Average accuracy AP/%
Adtention  mAPY% PI% R% oo SRBRIUE Z WD IR
mechanism (rp%_sfl) Single  Multiple  Shelter
plant bud plant bud plantbud

YOLOV5S-SE 903 94.3 96.0 50.0 94.0 96.2 80.8

YOLOv5-BotNet 91.2 91.8 96.0 41.0 95.0 98.1 80.7

YOLOV5-CotNet 91.1 92.6 96.0  47.0 94.8 97.8 80.8

YOLOv5-C2f  92.0 922 96.0 50.0 95.3 97.5 83.2

YOLOV5-CCA 914 92.0 95.0 47.0 94.7 97.1 83.2

YOLOV5-CPP  92.8 922 96.0 43.0 95.1 98.4 85.1
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Table 3 The effect of different layers adding attention
mechanisms on the model

LR EL o N S5 AP/%
BEhiE Detection FFRIGZE ZARIZE MER4THZE

mAP% P/% R%

Position in speed/ Single  Multiple  Shelter
backbone (Wi-s™") plantbud plantbud plant bud
Layer=1 90.8 95.8 94.9 43 93.2 95.2 80.2
Layer=3  90.6 952 95.1 43 95.1 97.1 80.6
Layer=5 912 963 95.6 43 94.7 97.7 80.7
Layer=9  90.4 953 94.1 43 94.4 97.3 82.0
Layer=13  90.1 952 94.1 43 95.1 97.1 82.9
Layer=20 912 95.1 94.7 43 95.4 97.2 83.0
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5 H AR LS5 R W3 4 PR,
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Table 4 Comparison of each loss function

I RS K G ) e
Tjﬁ:ﬁ:]l Model parameter o o o, Detection  Detection
Mode quantity/MB mPA% P/% RI% time/s  speed/(1i-s™")

YOLOV3 61.0 89.5 94.7 96.0  0.04 24.0
YOLOVS5s 7.20 90.8 95.8 96.0  0.03 37.0
YOLOV6s 37.8 90.4 95.1 96.0 0.03 35.0
Fast R-CNN 30.0 90.7 95.596.0 0.02 33.0
YOLOVS5-CPP 3.70 92.8 922 96.0 0.0l 36.0

NIHGAIE YOLOVS-CPP A5 R 78 K 44 Tl 28 B4 5 - Aa
A, A% YOLOV3PY, YOLOvSs. YOLOv6P.
Fast-RCNN X 4 7t [0 £ 455 784 75 A 4 Tl 28 2008 45 Bt AT )
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Cotton top bud recognition method based on YOLOvVS5-CPP
in complex environment

PENG Xuan'?, ZHOU Jianping®?*, XU Yan'?, XI Guangze'

(1. School of Mechanical Engineering, Xinjiang University, Urumgqi 830017, China; 2. Engineering Research Center of Agricultural
and Animal Husbandry Robots and Intelligent Equipment, Xinjiang Uygur Autonomous Region, Urumgqi 830017, China)

Abstract: Cotton bud is one of the most important cash crops with many uses, such as the textile and cotton fabric raw
material. However, manual cotton topping cannot fully meet the large-scale production in recent years, due to the efficiency
and labor costs. Intelligent mechanical topping can be expected to serve as an inevitable trend during cotton topping. There is a
high demand to accurately identify the cotton top bud under the complex environment (such as light and shadow), particularly
for the various shape characteristics of cotton top core in the process of cotton cap removal. In this study the accurate
recognition was proposed to locate the cotton top bud in the complex environment using an improved YOLOvS5s. A dataset was
also constructed to contain 3103 cotton top buds with different morphological characteristics under a complex environment.
Three categories were divided: single, multi-plant and screened top bud under different occlusion areas, weather and light
conditions. Systematic training and analysis were then performed on the data. An improved YOLOvVS5s model was proposed to
reduce the error and leakage detection for the sufficient features of small targets. Multi-scale target features were also
effectively extracted using only three detection heads in the original YOLOVSs. At the same time, the ideal extraction of the
improved YOLOvVS5s was obtained with the deepening of the network layer. The object detection and CPP-CBAM attention
mechanism were first added to the original structure, in order to improve the shallow and deep feature fusion rate. Secondly, the
regression of prediction frame was enhanced to avoid the information loss of the real frame. The loss function SIOU boundary
frame regression was added to further accelerate the prediction frame regression speed for the detection accuracy. The SIOU
loss function was introduced by the vector angle between the real and predicted frame including angle, distance, and shape loss
function. As such, the aspect ratio between the predicted and real frame was considered in the CIOU loss function with the
direction between them in the SIOU. The high accuracy of recognition rate was obtained on the top bud, resulting in the less
degrading into an IOU loss function. In addition, an accurate identification was performed on the cotton top bud that was
seriously obscured by the leaves. The results show that the average accuracy (mAP) reached 92.8% for the recognition of
cotton top bud by the improved model. Furthermore, the average accuracy was improved by 2.1, 3.3, 2, and 2.4 percentage
points, respectively, compared with Fast R-CNN, YOLOv3, YOLOvS5s, and YOLOv6. The improved detection model can be
expected to accurately and efficiently identify the cotton top bud under a complex environment in real time. The small size of
the model parameters and the high identification speed were suitable for the migration deployment of cotton topping
machinery, and the operation of the laser topping robot. The finding can also provide technical and theoretical support to the
subsequent operation of cotton laser topping machines, particularly for the mechanized real-time topping.

Keywords: crops; image recognition; small target detection; YOLOvS5s; SIOU loss function; CPP-CBAM attention
mechanism; cotton topping
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