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Abstract: Accurate fruit particle shape is an important basis for evaluating the growth status of Chinese Wolfberry and
measuring fruit size. This paper proposes a Chinese Wolfberry Fruitlet Particles Instance Segmentation Network (CWISNet)
that fuses multi-scale features to extract accurate shapes of Chinese Wolfberry fruitlet particles from images. CWISNet
combines the global feature extraction capability of Transformer with the local detail feature extraction capability of the
convolutional neural network to obtain pixel-wise semantic features. It also fuses the deep feature extraction capability of
ResNet-34 with the large receptive field capability of dilated convolution to generate edge information. A hierarchical fusion
strategy is used to merge the pixel-wise semantic features and edge information, producing high-quality pixel-wise semantic
features. Finally, multi-level candidate boxes are used to extract fine Chinese Wolfberry fruitlet particle shapes. Considering
both shape loss and boundary loss, CWISNet constructs a loss function to train the model. Zhongning County in Ningxia Hui
Autonomous Region is selected as the experimental area, and Mask R-CNN, YOLACT, HTC, and SOLOV2 are used as
comparative models for the experiments. The results show that the proposed method achieves a box mAP of 92.5% and a
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mask mAP of 92.3% at an IoU threshold of 0.5, outperforming the comparative models by a clear margin. It also

demonstrates excellent performance in scenes with dense occlusions and blurred boundaries, providing technical and data

support for both research and field applications.

Keywords: Chinese Wolfberry; instance segmentation; edge detection; hybrid architecture; deep learning
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Fig. 2 Wolfberry images in natural field scenes
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o " /% i © "" 5.; 5
Mak R-NN . - YOLAC . = OL2 ! - HT ‘ - CISet
6 XTELARBULERATAL

Fig. 6 Visualization of comparison model results
Xf HE S B S5 R AT LUK I, B8 Mask R-CNN - Z(HIHRFAES B, B 6 FTLLF H, Mask R-CNN )
AT 2 RERHERE S HLE] (H S EBUR P ORCIR S5 R, MoRc R SER0RE s B Ak 1) 3 5 58 62 AN 1
SRR R 22 UK, Mask R-CNN 2 U fff. CWISNetiliid 51 A ASFF 5, G2 & FIL ik
FRAE R A BTG 9 RSN MRS R B i BN AR OB R4, s i 1 A ok H #r R



<914 - L AR AR K 22 24 (SRR RR)

57 %

~F 2 R R R

5 CWISNet 4 bt , HTC 7 #fi 5& 1 FL i 4 4%
DRIARFAIE 22 S 350 /N T MR I 13, I G v it S s
AT JEE 424 717 AN FR I 1 SR 25 SR I, 3 P
ZINRH . CWISNet BT 5] Nl 2R i, f#
A5 48 6] e A X 32 T 70 43 R0, AT R B8 5 i
bR A T R O 23 B T

55 R BUBE AL B, SOLOvV2 BL 37 Fl 1L
Bl B0 H H AR, 5 BT8R BB B 24 Rol HF
XS 55 A AN S50 R AR U R RS B, F 5L
SEIGERIEATAE, NEea LEH,
SOLOV2 A= it (1) 45 R R A7 E B R R I 5, HLAE

TR 0 25 A L B B B 1k 22

ME 6 T LLE H, 4 B R 5 8BS
FEAEAE 2 T, YOLACT B 45 5 b 72 76 5 1 2
(IR A I 5, X i i L2 BT YOLACT 2 T i
T HE R 2 M 2 A AL o LR IA R 420 4 B 3
[1). CWISNet AR SLAIBH ST TN HE RS , FFRl&
NG BRI FHE B BB 08 5 47 & Mok
TR E A

Kl 7 fE7 T CWISNet fEAN A7 5 (1) 73 F1 45
B LA EE A (B 7@) B 5
(E7®O LR Z (B 7@ E T,
CWISNet 3 BEH T Hh 56 BRAE R A I AN 23 FE 55

&7 CWISNet E R E17 R THIZR
Fig. 7 Results of CWISNet in different scenes
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Table 3 mAP results of ablation experiments (%)
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