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Fig.1 Image of pepper fruit
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Fig.2 Enhancement of fruit data of peppers
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Note: Maxpool refers to the max pooling operation; the Focus module is designed to accelerate data processing. The CBS module consists of Conv + BN + SiLU
activation functions, while the CBS_DCN module includes DCNv2Conv + BN + SiLU activation functions. The UpSample module is responsible for upsampling
operations, and SPP stands for the spatial pyramid pooling module. CSP1_X and CSP2_X refer to two structures of the cross stage partial network, and CA integrates
the efficient channel attention mechanism.
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Fig.3 YOLOX Pepper model network structure
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Note: C is the number of channels, H is the height of the feature map, # is the width, AvgPool2 d(1,/) is Y-direction pooling, AvgPool2 d(#, 1) is X-direction pooling,
Permute is the permutation operation, Concat + Conv2 d is the feature map stitching, BatchNorm + Non-linear is the BatchNormal and Non-linear activation, Conv2 d is
convolution operation, Sigmoid is the activation function, Re-weighting is re-weighting, gh:c( f( Fy))is the attention weight of the generated feature map in the A
direction, g"=c(fw(F,)) is the attention weight of the generated feature map in the W direction.
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Fig.4 Structure of the coordinate attention (CA) mechanism
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Fig.5 Principle structure of deformable convolution
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Fig.6 Comparison of the effect of the two convolution methods
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v - 91.92 92.05 98.75 8.97 95 94.39 89.45
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T =T SRR N SRR AR
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Table 2 Performance comparison of different detection models
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Table 3 Detection results of pepper fruits under different light
condition

o IR e b

Number of

Y5t R s AP/% M3 Number of . Number of
Scenes Model  Type ™27 Sum/A~  ditection/ |, °"CC" | misdetecti
S detection/ on /A
A
S 6833 120 82 82 0
YOLOVS yrig 8750 339 302 298 4
. S 60.75 120 74 73 1
Bl YOLOVT iy gs'gr 339 293 291 2
Strong G 6750 120 81 81 0
light ~ :
g YOLOX' s gg79 339 302 301 1
YOLOX P %l  69.16 120 84 83 1
epper  ZIH 89.67 339 306 304 2
ZRML 77.40 154 123 120 3
YOLOVS yrie 8800 282 253 251 2
S 7619 154 121 118 3
me YOLOVT i 8535 os2 243 241 2
Shadow G 7735 154 122 119 3
YOLOX I 90.36 282 259 255 4
YOLOX_ %kl 77.21 154 124 119 5
Pepper 4L 90.42 282 261 255 6
ZRML 77.40 111 87 86 1
YOLOVS yrig 7065 412 303 300 3
GRS SRR 75.31 111 87 84 3
& YOLOVT i 7048 412 301 299 2
Lack of S 7657 111 87 85 2
light YOLOX  yrpy 544 412 313 310 3
YOLOX P 4l 77.38 111 90 86 4
epper  ZIA 7547 412 314 311 3
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Table 4 Detection of pepper fruits under different occlusion

conditions
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Note: Yellow rectangular boxes indicate the detected red peppers, blue rectangular boxes indicate the detected green peppers, and black oval boxes indicate the non-

detected peppers, the same as below.
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Fig.7 Actual detection performance of each model for pepper fruits under different light conditions
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Fig.8 Actual detection performance of each model for pepper fruits under different occlusion conditions
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Detecting chili pepper fruits in a natural environment using improved
YOLOX

LI Xu'?, LIU Qing' , KUANG Mingiu® , PAN Jiandong® , LIU Dawei"** ,
XIANG Yang'* , WU Yanhua*, XIE Fangping’?

(1. Gollege of Mechanical and Electrical Engineering, Hunan Agricultural University, Changsha 410128, China; 2. Hunan Key Laboralory
of intelligent Agricultural Machinery Equipment, Changsha 410128, China; 3. College of Biosystems Engineering and Food Science,
Zhejiang University, Hangzhou 310000, China; 4. Changsha DuoLai Agricultural Science and Technology
Company Limited, Changsha 410100, China)

Abstract: Chili pepper is one of the most widely planted vegetables in China. The current production of fresh chili peppers,
such as field management and harvesting, faces the challenges of high labor intensity and low efficiency. The chili pepper
industry is ever transitioning towards mechanization and intelligent production. The rapid and accurate detection of chili fruits
in the natural environment is of great significance for the automatic picking of chili peppers. However, it is still lacking in the
adaptive ability and detection accuracy of the model under different light and occlusion conditions. In this study, an improved
detection model, called YOLOX Pepper, was proposed for chili fruit using YOLOX. Firstly, a fusion-efficient channel CA
(coordinate attention) attention mechanism was added to the YOLOX feature fusion network, in order to capture the key
features of chili fruits. Secondly, the convolution module in the feature fusion module of the backbone network was replaced
with Deformable Convolutional DCNv2 (Deformable ConvNets v2), in order to improve the perceptual ability of the model in
the case of the complex geometric features of chili pepper length, width, and aspect ratio, due to branch and fruit occlusion. The
experimental results showed that the improved YOLOX Pepper model had mAP (mean average precision) of 93.30%, which
was 3.99, 1.58, 3.19, and 2.84 percentage points higher than that of Faster R-CNN, YOLOv5, YOLOv7, and YOLOX,
respectively, with an F1 score of 96%, and an average time for the single-image detection of 0.026s. Under strong light
conditions, the mAP of green and red chili fruits of the YOLOX Pepper model was 69.16% and 89.67%, respectively, and the
number of correctly detected green and red peppers was 83 and 304, respectively. Under shadow conditions, the mAP of green
and red peppers of the YOLOX Pepper model was 77.21% and 90.42%, respectively, and the number of green and red peppers
was 119 and 255 correctly detected. Under the lack of light conditions, the mAP of the YOLOX Pepper model for green
peppers and red peppers were 77.38% and 75.47%, respectively, and the number of correctly detected green and red peppers
were 86 and 311, respectively. The YOLOX Pepper model performed better in various light conditions, especially in the
number and accuracy of detections, compared with the YOLOVS5, YOLOV7, and YOLOX models. Under fruit occlusion
conditions, the mAP of YOLOX Pepper was 71.15% and 94.87% for green and red peppers, respectively, and the number of
correct detections was 79 and 650 for green and red peppers, respectively. Under branch and foliage occlusion conditions, the
mAP of YOLOX Pepper was 83.98% and 87.10% for green and red peppers, respectively, and the number of correctly
detected green and red peppers was 88 and 394, respectively. The improved YOLOX Pepper model performed better in the
chili fruit detection under different occlusions, compared with the YOLOv5, YOLOv7, and YOLOX models. The
YOLOX Pepper model showed excellent performance of detection in complex environments. The effectiveness of the
improved module can also provide the intelligent production of chili peppers with reliable technical support.

Keywords: agriculture; machine vision; YOLOX; pepper; natural environment; fruit detection
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