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Two-path semantic segmentation algorithm combining

attention mechanism

Zhai Pengbo''*, Yang Hao', Song Tingting', Yu Kang', Ma Longxiang" >, Huang Xiangsheng’
1. Institute of Microelectronics, Chinese Academy of Sciences, Beijing 100029, China;
2. Unaversity of Chinese Academy of Sciences, Beijing 100049, China;
3. Institute of Automation, Chinese Academy of Sciences, Beijing 100190, China

Abstract: Objective Semantic segmentation is a fundamental problem in the field of computer vision where the category of
each pixel in the image needs to be labeled. Traditional semantic segmentation uses a manual design to exiract image fea-
tures or edge information and uses the extracted features to obtain the final segmentation map through machine learning algo-
rithms. With the rise of deep convolutional networks, some scholars have applied convolutional neural networks to semantic
segmentation to improve its accuracy. However, the existing semantic segmentation algorithms face some problems. First, a

contradiction is observed between the perceptual field of view and the resolution. When obtaining a large perceptual field of
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view, the resolution is often reduced, thereby generating poor segmentation results. Second, each channel of the feature
map represents a feature. Objects at different positions should pay attention to different features, but the existing algorithms
often ignore such difference. Third, the existing algorithms often use simple cascading or addition when fusing feature maps
of different perception fields. For objects of different sizes, the various characteristics of the visual field are not given the
same amount of importance. Method To address the aforementioned problems, this paper designs a semantic segmentation
algorithm based on the dilated convolution and attention mechanism. First, two paths are used to collect the features. One
of these paths uses dilated convolution to collect spatial information. This path initially utilizes a convolution kernel with a
step size of 2 for fast downsampling and then experimentally selects a feature map with a downsampling factor of 4. After-
ward, an expansion convolution with expansion ratios of 1, 2, and 4 is selected, and the obtained results are cascaded as
the final feature map output while maintaining the resolution to obtain high-resolution feature maps. Meanwhile, the second
path uses ResNet to collect features and obtain an expanded field of view. The ResNet network uses a residual structure that
can well integrate shallow features with deep ones while simultaneously avoiding the difficulty of convergence during train-
ing. Feature maps are extracted with 16 and 32 times downsampling size from the ResNet network to expand the perception
field. The attention mechanism module is then applied to assign weights to each part of feature maps to reflect their specific-
ity. The attention mechanism is divided into the spatial attention, channel attention, and pyramid attention mechanisms.
The spatial attention mechanism obtains the weight of each position on the feature map by extracting the information of dif-
ferent channels. Global maximization and average pooling are initially utilized in the spatial dimension. In this way, the
characteristic information of different channels at each position is synthesized and used as the initial attention weight. After-
ward, the initial spatial attention weights are processed by convolutional layers and batch normalization operations to further
learn the feature information and are outputted as the final spatial attention weights. The channel attention mechanism
obtains the weight of different channels by extracting the information of each channel. Maximum and average global pooling
are initially applied in the channel dimension. Through these two pooling operations, the feature information on each chan-
nel is extracted, and the number of parameters is reduced. The output is treated as the initial attention weight, and a3 x 3
convolution layer is used to further learn the attention weight, enhance the salient features, and suppress the irrelevant fea-
tures. The pyramid attention mechanism uses a convolution of different perception fields and obtains the weights for each
position in different channels. The initial feature map is operated by using convolution kernels with sizes 1 x 1,3 x 3,
and 5 X 5 to fully extract features at different levels of the feature map, and the output is treated as the initial attention
weight. The feature maps are then multiplied to obtain the final state. Weights are assigned to the channel of each position
on the feature map to effectively make the salient features get more attention and to suppress the irrelevant features. The
three weights obtained are then merged to obtain the final attention weight. A feature fusion module is designed to fuse the
features of different perception fields of the two paths in order to ascribe varying degrees of importance to the features of dif-
ferent perception fields. In the feature fusion module, the feature maps obtained from the two paths are upsampled to the
same size by using a quadratic linear difference. Given that the features of different perception fields have varying degrees of
importance, the obtained feature maps are initially cascaded, global pooling is applied to obtain the feature weights of each
channel, and weights are adaptively assigned to each feature map. These maps are then upsampled to the original image
size to obtain the final segmentation result. Result The results were validated on the Camvid and Cityscapes datasets with
mean intersection over union (MIoU) and precision as metrics. The proposed model achieved 69. 47% MIoU and 92. 32%
precision on Camvid, which were 1.3% and 3. 09% higher than those of the model with the second-highest performance.
Meanwhile, on Cityscapes, the proposed model achieved 78.48% MloU and 93. 83% precision, which were 1. 16% and
3.60% higher than those of the model with the second-highest performance. The proposed algorithm also outperforms the
other algorithms in terms of visual effects. Conclusion This paper designs a new semantic segmentation algorithm that uses
dilated convolution and ResNet to collect image features and obtains different features of the image in large and small per-
ception fields. Using dilated convolution improves the resolution while ensuring the perceived field of view. An attention
mechanism module is also designed to assign weights to each feature map and to facilitate model learning. A feature fusion
module is then designed to fuse the features of different perception fields and reflect their specificity. Experiments show that

the proposed algorithm outperforms the other algorithms in terms of accuracy and shows a certain application value.

© b [H F G KR AR



255 /568HI /2020 8 B

ZistE, s, RIBE, |iU, I, BEEE
SEEENISRIBIREENDE

Key words: semantic segmentation; convolutional neural network ; perception field; dilated convolution; attention mecha-

nism; feature fusion

0 5

T

T o3 E R AL o SR Y — T AR AT
5 BORMME BT SO B DL B s [ S5 R A5 B0 S
T BE— MR R RIS (R 55,2017 o BRI
T S EE A U A E W 7 i B T 40
B, 1 O RIBOR T AR /Y XOGE B B EIG
FEHEH SR IBOR AL AL, $2 = 12 TR S 78 F 3l B4
B 318 S EIEOR T ASRAS AR ) 1 BAME B
B IR AR B 3 7542 By 40Uk, 1 SO BIHOR T LA
NG PG P ot S 0 A B 00 i, S BLAG B i ) 1
AT, PR AR . BB TR T HOR R,
LA K GPU ( graphics processing unit ) iz 2§ 17 i) $2
15, VIR RRUSE TR T2 U 1o 28 R 288 & 22 JON 1 SO
F U A IS T AR

AlexNet ( Krizhevsky 45,2012 ) J& 55 — A4~ g 2 H
TR I A5 FRURI 22 ) 28 A AU, 7 2012 4 1y TLSVRC
(ImageNet large scale visual recognition challenge ) 3%
% |, AlexNet FEA 84. 6% 1) top-5 HERGREUEEE 1
BTG, 2R 2 4 B HERR AL 73.8% o AlexNet
A BLGE TARZ B RTE, 0T T IR 1Y
Ko Long 55 A (2015) $i ) 42 45 AUl 22 9 2% ( fully
convolutional networks , FCN) , 18 15 B J5 3 4725 o 4%
VGGI16 (visual geometry group 16-layer net) ( Simon-
yan fll Zisserman ,2014) fz J5 &30 2 i B2 80N &
FUZ, SEBE TR 2 UCRLRE 1 1 28 J2 A 1 A5 B4
TRIZHE AR P28 2 1 RZA5 B 455 /9 H A, i s
NS A/ #] . Badrinarayanan 28 A (2015) $2£ H 1 X
I3 EIM 2% SegNet 18 A % s b 4 A St Ak 19 77 %)
A BRIE B AT R, (A — SE 0 il 5 {5 B
TRAFSE B o [) I 7E 45 i 42 J 53, SegNet fii H] 5
FCN A [7] 5 2 6 BN 4%, KR > T S 8080
Ronneberger 45 A (2015) #2 H A U-Net R U Bl 4%
Fa 8 G i e 7 B ) AL 1] 43 81 e ) 8 [ B
K/NRFIEI B3 1)1 SUfE B 518 &R 5 Bk TR
B SRV g S TE TR 2RI E 2T T
SYEIRUR . Chen 28 A (2014) $2 /) DeepLabV1 &
PSR AR, TEIs/ INVRAE RS 8 [ I DR 20 B 3

NS I HAE W 2% 1 B 2% A BEAIL Y ( condi-
tional random field, CRF) #58 {&k & h Z: {5 B , 5
BT HER E L. Paszke 45 A (2016) S XK HE R =
M RIE S5 42 1 ENet, K $e s 7R BY G, LU
Rry M 2 BRI T 18 f%, L FLOPs ( floating-point
operations per second) /DT 79 1%, S5 =L T 79
5, HERR 3 JFORBERI T . Zhao 55 A (2017) $2 Hj
T PSPNet( pyramid scene parsing network ) , & F i Jii
A (Yu Hil Koltun 2015 ) & MUAE Al 5% 22 M 45 Res-
Net( residual network ) (He 2§ ,2016) 284y, £33 52 ¥
HIHLAG)Z , LB i 25 I 265 v R AR [R) ) 23 B
T34, PSPNet 445 HM 1451 5% B EUM A B AR 2], I
T ERIEA SR, DR IRAE N (2019) $2 i T —Fh
B RS AR A R, 1 Se R IR R R IR S TR R RRIE
PSP /S ERiibe RS REN=wiLyIN I X1 I Eib) 2 LRSS
fiE /0 T RS SRR R RS AR o R RN A
N (2019) 481 T — o B i) S o R BE M B 4R
JZES AR IR R 45 rp, O HEoR 20 A RO et 5
PR, RIS 2 AL s A FIRCR

ST SO B USRS T AR 22 1t , (B2 AT 98
FAAELLAR IR 1) SR AL R SR AESEERAE D
SEAEF I 2315 R 73 WA AR ) 8, 5 o0 H0KS R e
1:2) W Z AR TR 2 AR B e S0 SO I Y i 5
Ty i TR, A TS [RIREAE YRR S i ok 201
KRR ;3) 76 T R AFF— FRAE S R b 3 M5 B &
&K, FEOFIMER R,

FEXS LA BRI, A SR T — i SR
K PRI A A0 T SR A e 5 o 20 B AR R AR Y 1)
B B B AL T R R R B R
I AR Lr oz ) | [a] R A2 1T AR AE Rl 5
BP0 i VR )2 R AR 5 R Z R AR TR

1 M ERIZT

1.1 BRIt

AL 45 1) B PR SRR B0 A R AL e U B2
A TR TP AR B AR T SR (Yu 48,2018 ] 1
PR o A ME B ES AR I IR R, AR 8 2 10 4
T S o T8 A BB A8 R H ResNet §2 BURFAE , 2815

1629

© b [H F G KR AR



PEERENFIE

JOURNAL OF IMAGE AND GRAPHICS

Vol.25,No. 8,Aug. 2020

HhZ=2
=]

3x3 conv

L had k=4

§ﬁ%ﬁﬁ%&
e i e B Y 2
(VR b | [ bl
......................................................................................... A

Rl S A
ﬂ ﬂ ( =] 1x1 conv

Conv Conv 3x3 conv

+ +

BN BN ﬁﬁ

gL & L
’ -

BT R ARSI

Fig. 1  Structure of model

AR B RS2 LT () B BRI DL 15T
JIBEH (Vaswani 5§,2017) L& S HER %, &5
BT T RHIE Rl G 2R 52 31 1 A [R] Je sz A0 BT 1)
FRIERL & B8, A5 AR AR
1.2 BKER
R T AR — 2 ISz LT 1 [ 4 v B
AR G B RMH TIRKGH .. HEs
GAIE SN
O(x,y) = H(x,y) =

w

;;)Hu,j) cO0(x =i,y ) (1)
K, O(x,y) REHEBGES (x,y) BRI,
H(x,y) e 5HAMRAETNE, KK wxh,
KBRS
O(x,y) - H'(x,y) =
2 S H (i) - 0(x -1 xi,y-1xj) (2)

Ao, AR T, H' (x,y) KGRI

M) FEC(2) AT LA B2 K AR S o Bt
SRR EBIZHAT T 0 BU5E, AT LAFERE 6 A1
RIS LB 1) [ B B DA AR R AR L 4R T 40
B BRI b, AR L g K
BUSEPRAROT A k + (B -1) x (1-1) . 54
CPNANIEBHE AV N 7 S o AR NI E NI
PP I PR 15 W s B R i 3 e s P
K2 frR o

L3 FEFEANH

N T FRAN BRI A AN RO S
BRI G, A SCRHT T —FhE T L] , 810 A
PELREA T IAS Al Bk S 5 H PR AR I ELA 1 75 5 1)
FI) (Gilra #1 Gerstner,2017) o 125 S ML 322 th
23 [ TE R L] 38 T L A I S
BLHIZEH A, aniEl 3 frs .

K2 kERUsEE

Fig.2  Dilated convolution

K3 R IHLEI A

Fig. 3 Structure of attention

13,1 #S[apER pL
23 () AL 32 2 O RN B R sE AL B

© b [H F G KR AR



255 /568HI /2020 8 B

ZistE, s, RIBE, |iU, I, BEEE
SEEENISRIBIREENDE

1. NIRTER B — W& BRI, 25 B 3h 48 T OB &
BRRTER ), BIInE B 5, 2GR T
2. R, AR AR B B AN R 38 43 1 %A A TR
AL (Zhang 55,2018 o A SCHE MY A9 25 0] 112 5 )
PR &l 4 Fros o

13 BN RRIE BRI B 48 B Tl T B A 42 Ryt
AP E 42 R AL , K AL T F AN ) 07 8 ) AL
BT ORI, A5 2 B — 0 E AR IEALER .

S IN ISR A ST

0(i,j) = max(I (i,j)), me (1,e) (3)

K, 1,(iL)) A5 m ANEE FRHERITE (i,)) A7
BRI, 0(i,)) A8 A2 s RAE AL 5 1%y
AL, ¢ hydiEEL,

- BE 4 R A R Rk

. 1 < .
P(iy) =5 2 T.(i)) (4)
n=1
AL

[ 1x1
ﬁé conv

Fl
[E
i

AP, T,(0,7) 08 n ANTEERHEETE (i) G288
FREAE, P(iyj) D Zad SF Y {E i A 5 i RFAE 1A
d B IEL

SR P TE 3 4 14 77 R T A e e P A 20 1 4
JEERGEAR . O TR MR T AR B 15 R A5 2
HEFLG SRR T x 1T BB T ] R
FURYFFHE A L sigmoid pRECHRL e IR )
FCEE, DAk G A5 2 AR REGE R, B

sigmoid PRI AN

S(x) = I

1 +e7
A, S(a) gk FImE R, x DA
23 ) IR AT DAAT SR BURRAE ] A7
BB EEE R, I 4 1 O L R AR (R 23 T
— A, A BB I H AR Y T BERRAL, IR T 5t
il

(5)

BN HRCLU )—( sigmoid

S SNI=R]
K4 g RER
Fig.4 Spatial attention
1.3.2 JEiET RIS IRRUMAL TS

U B PO LS (R RS BRI AVES
— P ERRAE , B I SC B, TR A . FEEME
FRAE 2 55 B AR B AN IR X PR 200 1) e sk e JEE A
[l o PRIt L 22 of Ak AN ) R AR 25 7 AN [] OG5
(Woo 25,2018 , 7 BEA IR . Dyt Beit il
I IHU A RAIE 73 BOAS B, fof 15 190 205 4 Hp SR TR T 22
FAAIE, GNP S B o

R E P i 2 Ry oA A2 Ry F itk Ak
25 [ A JEE 6T 3 30 A R AT A, 49 3 el a
IOESENREISNS

0, = max(/.(i,j)) (6)
K, ie (1Lh) je (Lw) , e GRS ¢ IR
» O, AR K 25 oAk s i i
PR TR R

RIPNAL (7)
At i e (1h) L) e (L), m (RAH m A
1, P, PCFASE B2 T

H T 4 RN LA B O OF B0 T 4 L
IS8 0 B, A G L 400 28 3 K/

P, =

1631

© b [H F G KR AR



1632

PEERENFIE

JOURNAL OF IMAGE AND GRAPHICS

Vol.25,No. 8,Aug. 2020

1 x 1 &R0, SR )5 28id BN Ml ReLU JZ$E 3R Z 1
Gy AR S A TS, O LR A — e R
SFREbAL

AL

1x1

BRI AR E IS R B PR AE A
i, BRI sigmoid PRI B LA,

KIS EEE s B

Fig.5 Channel attention

1.3.3 @y hriEE L

NEM BN IR LS 2 MR . B
4, D5 G A3 P B O T H R BT AR AL, DX 531 8
ESEONS NN SP S S R S (1 s D A N D v S 1
P _E AN [ 7 5 1) AN [ A B A 19 56 12 B2 L I 25 A
Al oA T RENS B AT 3R AT B ASAS IR 6 B 0 AN [
KL PR — b B A A il e 4 B PR
AN [ Sz WL A8 R 1T, SRS [R) sz B 1 B 1%
R, B ix e 5 B, 2015 5 n A ALEE R4,
K6 f.

K6 &7IEEEIIRER

Fig. 6 Pyramid attention
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Fig.7 Feature fusion
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Fig.8 Camvid dataset example and the test results of our method on this dataset

((a) original images; (b) label images; (c¢) predict images)
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Fig.9 Cityacapes dataset example and the test results of our method on this dataset

((a) original images; (b) label images; (¢) predict images)
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Table 1 Experimental results of different

downsampling times

ORI MIoU/% T/ %
2 76. 43 90. 12
4 77.28 92.28
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32 69. 32 82.48
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Table 2 Experimental results of different ratio

for expansion convolution
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Table 3 Experimental results of adding

attention mechanism or not

WA R L= MIoU/% KEHAEE/ %
2,4 77.83 92. 86
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Table 4 Comparison of experimental results for different algorithms

L Camvid Bt Cityscapes Bt
ik MIoU/% KR/ % MIoU/% KR/ %
BiseNet 68.17 89.23 77.32 90.23
DeepLabV3 ( Chen % ,2017) 60. 35 84.32 72.32 84.21
PSPNet 60. 57 85. 32 74.52 86.75
AdapNet ( Valada 2 ,2017) 58.87 83.32 69. 34 82.54
ENet 51.62 80. 28 64.43 80. 32
SegNet 55.48 82.34 66. 25 81.24
DeepLabV1 58.45 83. 12 70. 4 83.29
A 69.47 92.32 78. 48 93,83
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