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Image segmentation of Huanghua pear plants at fruit-thinning stage based
on multi-scale feature fusion and dense connection network

WEI Chao-yu, HAN Wen, PANG Cheng, LIU Hui-jun
(College of Metrological Technology and Engineering, China Jiliang University, Hangzhou 310018, China)

Abstract:  As the fruits, branches and leaves of fruit and vegetable plants vary in scales and margins under natural envi-
ronment, it is difficult to segment them accurately. To solve the problem, a multi-scale feature fusion and dense connection net-
work (MDNet) was proposed to achieve the accurate segmentation of Huanghua pear images at fruit-thinning stage. The coding-
decoding network was adopted in this study and DenseNet was adopted to reuse and fuse multi-layer features in the coding net-
work, so as to improve the transfer mode of information. The transposed convolution was used to carry out up-sampling in the de-
coding network, and the skip-layer connection was also employed to fuse shallow detail information and deep semantic informa-

tion. The atrous spatial pyramid pooling ( ASPP) was added

7S B #9:2020-10-13 between coding and decoding to extract future maps with
HEETE. BEARBEI AT H (51606181) 5 5 k2 405 different receptive fields so as to fuse multi-scale feature and
L 2531135 B (201910356009) aggregate context information. The results showed that ASPP
YEEB N BB T (1995-) , 5, WiiLs 24 N i F 8 A B 52 D5 ) improved the segmentation accuracy of the MDNet model ef-
Jit AL GE TR B 2% 2] 4F . (E-mail ) P1802085258 @ fectively. The mean intersection over union (MIoU) of the
cjlu.edu.cn MDNet on the test set was 77.97%, improved by 8.10, 5.77

BIRAEE X2, (E-mail) liuhj@ cjlu.edu.cn and 2.17 percentage points respectively compared with Seg-
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Net, Deeplabv2 and DNet. The pixel accuracy for fruits, branches and leaves was 93.57%, 90.31% and 95.43%, respectively.

Therefore, the accurate segmentation of fruits, branches and leaves of Huanghua pear plants was realized. The MIoU was 70.93%

in the independent test of Cuiguan pear plants images, indicating that the model had strong generalization ability and was particu-

larly valuable for the image segmentation of fruit and vegetable plants in natural environment.
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Fig.2 Structure of semantic segmentation network of Huanghua pear plants based on multi-scale feature fusion and dense connection net-
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Fig.6 Examples of semantic segmentation results of different models
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