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Application and Research of Image Semantic Segmentation Based on Edge Computing

WANG Sai-nan' and ZHENG Xiong-feng®
1 Nanjing Engineering Vocational College, Jiangsu Union Technical Institute, Nanjing 211135, China

2 School of Computer Science, Nanjing University of Posts and Telecommunications, Nanjing 210023, China

Abstract With the extensive application of deep learning in medical imaging segmentation, drug detection and other medical
fields, semantic segmentation technology plays a pivotal role. Semantic segmentation combines two techniques of target detection
and image recognition. It aims to segment the image into multiple groups of regions with specific semantics.which is a dense clas-
sification problem at the pixel level. However,in order to promote the effective development of mobile visual recognition technolo-
gy, the traditional deep learning model cannot meet the requirements of mobile devices in terms of power consumption, memory
management,and real-time performance. Edge computing is a new architecture mode that effectively extends the computing.net-
work, storage,and bandwidth capabilities from the host to the mobile edge to implement model inference operations in a limited
computing resource environment. Therefore, this paper attempts to complete the transformation,deployment and inference opera-
tion of the classic image semantic segmentation model,such as FCN, SegNet, U-Net, etc,on the development board based on the
edge TPU coprocessor,and verifies the correctness and performance of the proposed semantic segmentation model on the collec-
ted real drug dataset.

Keywords Deep learning,Semantic Segmentation, Edge Computing, Edge TPU
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Table 1 Hardware parameters of edge dev board
CPU NXP i. MX 8M SoC (quad Cortex-A53,Cortex-M4F)
GPU Integrated GC7000 Lite Graphics

ML accelerator Google Edge TPU coprocessor
RAM 1GB LPDDR4
8GB eMMC
Wi-Fi 2 X2 MIMO (802. 11b/g/n/ac 2. 4/5GHz)

and Bluetooth 4. 2

Flash memory
Wireless

Dimensions 48 mm X 40 mm X 5 mm
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Fig. 10  Dev Board with Edge TPU
4.4 EZWERSHEITLE
J T WA G R IEZ G B X BB R AR i1 % TPU &
B b5 B PERE L EE XT3 > 28 By BRI X4 BB FCN,
SegNet, U-Net #47 T XF HeS2 5, Hotk e R BN 3£ 2 T3,
2 BRI Lo HIB A M g

Table 2 Performance of image semantic segmentation models

B PA/Y%  MA/%  mloU/%  FHHH/s
FCN 85.3 80.5 72.0 0.500
SegNet 92.1 87.2 83.0 0.062
U-Net 93.5 88.0 85.5 0.065
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