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Fig.1 Depthwise separable convolution
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Fig. 3 The structure of pyramid pooling module
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Fig. 4 Overall framework
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Fig. 8 Semantic information transfer module
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Fig. 9 Segmentation results of different models
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Wk # 3 WA L-ASPP AHEL T ASPP 5 S8 FITH I ik b AT AR U BE B ARG, (ELA 4k T 20 20 RS RE . WL
R AL AR BT rp LU D 1 S R0 R B B B e ok TORT EEAR T 1. 0600 i ARIE LA A 7 AU AR A
K FRARTHE 72, 72 %0, LI B 25 M+PPM+ASPP 985 ) . HS MR M AR DA e —FE AR, &5
FELSERE b 18 SUE B AL BRI (D DU NF Aok TR EE$ &5 1. 0324338 3 th M+PPM~+L-ASPP+DA+Mul+T
AR SCRETY A B PR B T 43 5 46 BRI 4 AL Y, e 2B U 2. 310 X 10° S84k, AN 2 8GFOLPs Y 15 4
MIoU #2J+| 73. 7520 , 5 R fERI RS BM AH HL 42 5 5. 2846,

F A 7 RERLRL, | AR ) & F I AL E S L LA K5 TR SUE BAR LS 7E PASCAL VOC
2012 B a4 FIEK 21 428938 31 B (intersection over union, loU) X b 25
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% 4 PASCAL VOC 2012 3iF &£ F & # B IoU
Tab. 4 1IoU of each category on the PASCAL VOC 2012 validation set

25 BM M+ PPM-+L-ASPP+ DA+ Mul M+PPM~+L-ASPP+DA+Mul+T
background 0.92 0.93 0.93
aero plane 0.78 0.85 0.85

bicycle 0.38 0.41 0.41

bird 0.76 0. 84 0. 86

boat 0. 59 0.61 0.61

bottle 0. 67 0.73 0.75

bus 0. 88 0.93 0.93

car 0. 81 0. 85 0. 85
cat 0. 85 0. 88 0.89

chair 0. 36 0.38 0. 36

cow 0. 69 0. 80 0. 84
dining table 0.49 0. 56 0.56

dog 0.72 0.82 0.82

horse 0.75 0.76 0. 81
motorbike 0.78 0. 81 0. 80

person 0.78 0. 81 0. 81
potted plant 0.50 0.51 0. 54

sheep 0. 82 0. 84 0. 86

sofa 0.41 0. 48 0. 49

train 0.81 0. 81 0. 82

monitor 0.63 0. 67 0. 69

T IR B s i Y ToU fHL
4 Z5iE

£ MobileNet V2 f Jy 3=+ 9 2% 55 TR B Al 73 B 6 AU 5 o 4 B4 35 BRI 2 10 R 38 s DU O O
G RSB SR T2 0 B SO R e R SOUUBE AR AR AR B AR /N RUBE H b b B 23 B8R S A () e
S AR IR ) s )£ R AR A PR B 3 SOME B AR B B s Ak T AR TR St AR ARAE 1A A3 SCE B B — 2P M TR
BITE /N HARIY 0 FIROR o SR 45 R A SCRERE y F A7 D TH SRR B BIROR R (e TR RCR A
O3 HIRE RE Z 18] IR 3 7R i 2 TR S AR A S LR o 5 A DA 0 45 1Y T R 295 A R R 4R A 4k
St AT AR » DLt — 25 B T ST R RO R 45 1 20
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Lightweight Semantic Segmentation Method Fusing Pyramid Pooling and Attention Mechanisms

LIAO Hengfeng, WEI Yan, DU Hanyu
(College of Computer and Information Science, Chongging Normal University, Chongqing 401331, China)

Abstract: Semantic segmentation is widely used in medical image segmentation, unmanned driving, remote sensing image
segmentation and other computer vision tasks. In order to solve the problem of deploying embedded platforms with limited
computing power and hardware storage, a lightweight semantic segmentation model is proposed by considering three aspects of
network parameters, calculation and performance. The model takes the lightweight network MobileNetV2 as the backbone.
depthwise separable convolution is applied to compress the model, which is divided into two paths of high and low semantic features
for derivation. High-semantic features can obtain accurate contextual information through the dual attention pyramid pooling
module. Low-semantic features can obtain clearer segmentation boundary by multi-scale feature stitching and high semantic
information transmission. Finally, high and low semantic features are fused to obtain the segmentation results. In the experiments
on PASCAL VOC 2012 dataset, compared with the mainstream network model, the number of network parameters of model is
2.31X10°, which is only 4. 9% of PSPNet and 4. 2% of DeeplabV3+. The number of floating point computing is 7. 989GFLOPs,
only 6. 7% of PSPNet’s floating point computing and 4. 8% of DeeplabV3-. The mean intersection over union is 73. 75 % , slightly
lower than PSPNet and DeeplabV3+. It achieves a better balance between computational efficiency and segmentation accuracy.

Keywords: semantic segmentation; lightweight; depthwise separable convolution; spatial pyramid pooling; attention mechanism
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