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Abstract With the development of deep learning, semantic segmentation methods are being studied in
various fields. There is a problem that segmenation accuracy drops in fields that require accuracy such as
medical image analysis. In this paper, we improved PSPNet, which is a deep learning based segmentation
method to minimized the loss of features during semantic segmentation. Conventional deep learning based
segmentation methods result in lower resolution and loss of object features during feature extraction and
compression. Due to these losses, the edge and the internal information of the object are lost, and there
is a problem that the accuracy at the time of object segmentation is lowered. To solve these problems, we
improved PSPNet, which is a semantic segmentation model. The multi-scale attention proposed to the
conventional PSPNet was added to prevent feature loss of objects. The feature purification process was
performed by applying the attention method to the conventional PPM module. By suppressing unnecessary
feature information, eadg and texture information was improved. The proposed method trained on the
Cityscapes dataset and use the segmentation index MIoU for quantitative evaluation. As a result of the
experiment, the segmentation accuracy was improved by about 1.5% compared to the conventional PSPNet.
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Fig. 1. PSPNet Architecture

2.2 CBAM(Convolutional Block Attention Module)
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Fig. 3. Modified Pyramid Pooling Module
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4.1 Cityscapes

Cityscapes Hl°J& A& & 19709 AA SHAE
7FAAL, super class2tal ot= 7709 WHEE et
Flat(road, sidewalk), Construction(building, fence,
wall), Nature(vegetation, terrain) Vehicle(car, bicycle,

bus, truck, train, motorcycle), Object(pole, traffic
sign, traffic light), Sky, Human©.2 /4= o] qJct.

Table. 1. The result on Cityscapes dataset

Method Input size Para.(M) MloU
FCN-8s 1024x2048 35.3 65.3
U-Net 400x800 31.0 55.8
SegNet 256x512 29.5 57.0
DeeplLab 768x768 442 704
PSPNet 768x768 428 711
DeeplabV3 512x1024 53.8 714
Proposed 512x1024 52.2 72,6
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sk @o] ot 2 =RolA+= DeepLab V3 ¢ Zo]
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Table. 2. Comparison with State of the Art methods

Class DeeplLabV3 DeeplLabV3+ Proposed
Human 63.6 64.4 65.3
Car 52.2 56.2 61.8
Bicycle 51.6 56.4 57.7
Traffic light 65.4 69.4 72.2

DeepLab V3[14]9} DeepLab V3+[15] 4l =1
=3 MloU gt H st O] HHES Qe &
oA mEHOT EAS F o}b ASPP(Atrous
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4.2 Attention Ablation Study
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Table 3. Ablation study on multi scale Attention

Method Conv 4 Conv 5 MioU
PSPNet 711
v 71.6
Proposed v 714
v v 72.6
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