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Fig.1 Improved U-Net network model based on SEDC module
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Fig. 4 An example of the image of

collected logistics pallet
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Fig. 5 Visualized results of the comparative experiment on the first sample
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Table 1 The results of the four network models compared on the logistics pallet image data set

it U-Net MR RE G S R EZ

FEA 5 ) £ A5 P R F1 AR /10°

f£45 U-Net 0.8825 0.9314 0.8897 19.07

' U-Net with SE 0.8901 0.9117 0.8997 19.15
U-Net with SE and 1 x 1 x 1 conv 0.8904 0.9387 0.8797 7.49

AR 0.8903 0.9378 0.8945 8.68

f£45 U-Net 0.8811 0.9211 0.8900 19.07

5 U-Net with SE 0.8932 0.9200 0.8911 19.15
U-Net with SE and 1 x 1 x 1 conv 0.8914 0.9304 0.8836 7.49

ASCAAY 0.8911 0.9299 0.8849 8.68

f£45 U-Net 0.8722 0.9135 0.8959 19.07

; U-Nett with SE 0.8643 0.9069 0.8912 19.15
U-Net with SE with 1 x 1 x 1 conv 0.8567 0.9125 0.8825 7.49

ASCARAY 0.8699 0.9122 0.8887 8.68

f£45 U-Net 0.9025 0.9415 0.8952 19.07

. U-Net with SE 0.8922 0.9398 0.9024 19.15
U-Net with SE and 1 x 1 x 1 conv 0.9012 0.9408 0.9152 7.49

AR 0.9010 0.9416 0.9217 8.68

&4 U-Net 0.8625 0.9245 0.8925 19.07

5 U-Net with SE 0.8704 0.9324 0.9025 19.15
U-Net with SE and 1 x 1 x 1 conv 0.8825 0.9311 0.8925 7.49

ASCAAY 0.8911 0.9387 0.9025 8.68
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Table 2 The results compared on the logistics pallet

image data set
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Improved U-Net Network with Squeeze Excitation Dilated Convolution for

Logistics Pallet Image Segmentation

WEI Zhanguo, SONG Yaping, LI Ya

( College of Mechanical & Electrical Engineering, Central South University of Forestry and Technology,
Changsha 410004, China )

Abstract: Due to the various types of logistics pallets, complex shape rules, and the problems of pallets being
blocked and changing light conditions in industrial production environment, a novel U-Net network based on squeeze
excitation dilated convolution (SEDC) was proposed. By modeling the correlation between feature channels, the
important features were strengthened and the segmentation performance of logistics pallet images was improved.
Specifically, 1 x 1 x 1 convolution in the SEDC module was used for data dimensionality reduction and dimensionality
upgrade, which greatly reduced the amount of calculation, and image features were effectively explored under different
fields of view through normal convolution and hole convolution with an expansion rate of 2, while automatically
learning the importance of different layers through the SE module. Experimental results showed that compared with
some existing classical image segmentation algorithms, the proposed model greatly reduced the computational burden
and improved the robustness of the network while ensuring the performance of image segmentation as much as possible,
and was expected to provide a new solution for intelligent segmentation of logistics pallet images.

Keywords: logistics pallet image; convolutional neural networks; SEDC

—-41 -



