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A Tiny Target Feature Enhancement Algorithm for
Semantic Segmentation

REN Sha-sha, LIU Qiong
(School of Software Engineering , South China University of Technology , Guangzhou, Guangdong 511436, China)

Abstract: We have to face the challenge of missing small targets and severe edge noise in semantic segmentation.
The existing semantic segmentation algorithms that enhance feature representation and optimize spatial details have difficul-
ty to accurately segment the small targets and edges as the algorithms insufficiently gain detail information from tiny targets
and semantic edges. This paper presents a tiny target feature enhancement algorithm for semantic segmentation. Specifical-
ly, a pixel spatial attention module(PAM) is designed to obtain strong semantic information from low-level pixel space. Se-
mantic category information including edge features and tiny target features are obtained by modeling mask, respectively. A
special loss function is designed for model training and the features gained by the model are fused with the features obtained
from above way. Through edge feature enhancement, inner contour noise reduction, the segmentation performance of tiny
target is improved while other segmentation categories are not degraded. Experimental results on Cityscapes, VOC2012,
ADE20K and Camvid show that the proposed algorithm performance has been significantly improved by 2% in comparison
with other state-of-the-art algorithms in the same scene.
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T2, I 30/ B e — 2 IR KPR BN
2550, 19 2846 N PEAS . 18 mloU (mean Intersec-
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KT B BN BEFE 22 D B A AT 42 A5 2 ) o I b e R AT
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Moo ToU/% mloU/

road | swal | build | wall | fenc | pole | tlight | sign | veg | terra | sky | person | rider | car | truch | bus | train | mobi | bike | %

FCN | 97.8|84.1|91.9 |41.3|56.5|64.3| 71.3 | 79.4 |92.1 | 63.6 | 94.3| 823 | 61.4 |93.8| 47.9 | 75.1 | 42.7 | 56.4 | 77.5| 72.3

PSPNet | 98.0|84.5 | 92.9 [ 54.9(61.9 | 66.5| 72.2 | 80.9|92.6 | 65.6 [94.8| 83.1 | 63.5|95.4| 83.9 | 90.6| 84.0 | 67.6 | 78.5 | 79.6
EAMANet | 98.3 |86.9 | 92.8 | 45.8 | 62.3 | 67.7| 74.8 | 81.9|92.7| 63.3 | 95.0| 842 | 65.6 [95.9| 843 | 85.0 | 58.6 | 68.8 | 79.9| 78.1
PSANet | 98.1|84.8| 92.4 | 46.2|58.9 |66.1| 73.6 | 80.8 |92.5 | 64.3 | 94.7| 83.0 | 62.0 |95.5| 78.6 | 88.2 | 80.7 | 67.0 | 79.5| 78.2
DANet |98.5|87.2| 93.1 | 554 |61.6|67.7| 742 | 80.4 | 92.4| 642|950 | 83.8 | 64.9(95.9| 87.9 |91.4|80.9 | 70.1 | 79.5 | 80.2

Deeplabv3+ 982 | 86.6 | 93.1 |55.2|63.1(70.0 | 75.1 | 82.1]93.0|64.1 |95.1| 84.1 |65.7|95.6| 84.3 |89.4|77.1| 71.2 | 80.1 | 80.0
Gsenn | 98.1|87.4 | 92.3 [54.8(79.8|75.5| 75.8 | 84.7|93.3|68.0 [95.7| 824 | 517|955 66.3 | 959|925 | 32.4 | 73.3 | 78.4
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