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Two-structure pyramid scene parsing network with attention module

LIANG Xiaolin, WANG Xinyi, HUANG Yajuan, XIAO Jinwen
(School of Mathematics and Statistics, Changsha University of Science & Technology, Changsha 410114, China)

Abstract: [Purposes] This study aims to improve the loss of original image information,
degradation of image resolution, and accuracy of semantic segmentation of images. [ Methods] A
two-structure pyramid scene parsing network model with an attention module was proposed, and it
was used for the semantic segmentation of images. Firstly, the MobileNet V2 module was used to
extract the backbone feature of the original image. Secondly, the feature map was input into the
pyramid pooling module 1 to obtain the context information. Then, the attention module was used
to pay attention to the important features and synthesize the shallow information to obtain the
intermediate feature map. The intermediate feature map was fed into the pyramid pooling module 2
to fuse local and global information. Finally, the original image was segmented by using rich
shallow and deep information. [ Findings] In PASCAL VOC 2007 dataset, the ratios of the mean
pixel accuracy (MPA) and mean intersection over union (MIOU) reach 85.64% and 78.12%,
respectively, which are 4.95 and 12.31 percentage points higher than the ratios of MPA and MIOU
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of the pyramid scene parsing network. [ Conclusions] The proposed model can effectively resolve

the problems of information loss and resolution degradation in image segmentation.

Key words: semantic segmentation of image; attention module; atrous convolution; depthwise

separable convolution; pyramid pooling
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Fig.7 Two-structure pyramid scene parsing network with attention module

A5 M 3k http: //cslgxbzk. csust. edu. cn/cslgdxxbzk/home



F 215558 Folak, 5B AEE AR LM & T3 F BT R % 109

R1 RSB 6@ K

Table 1 Number of channels of each feature map

FRIEIE BHBIER e
M, €2
M, c
M, 2
M,,, 2

2 RWERSMERETM

2.1 RIS

PASCAL VOC 2007 £, & 35 % . & HL . A 55 20
A2 10 582 5K [ {5 . ARSCLAPASCAL VOC 2007
R 1 449 5K MR A IF T G2

AHEFEAE VN GRAT , $e iy A BUZR A9 R R
473 x 473 1% K , % # A & W 3 & (adaptive
momentum, ADAM) Ffi #L {5 f0 53 % HEAT R4k . 1%
DA A BN R o3 D VR ES 321 90 25 [y B Ak o By
Bro ARWFIAG SR 7 ) 1 U, B RS T M
25 48 WU (Y R AR S 3E B  PRHSR R 45 U1 2ok
IR GRAgR I AE— R B A Al A7 R b5 - A
EBEWIR o R Z5 B Be i J5 ] (epoch) 48 % > 3)1 25
HACHIE B ol ol 28 1) 4% 5 b ki I — 3k PR B, Sl 505
LK/ (bateh-size ) 1 F5 YRS AR A BT i A9 £ 1)
FEAKL, 2 8o i ¥k By BE 1Y epoch 1 R 50 ( B4 A
epoch 7 100) , batch-size A 4, % >J K Jy 5107, A<
A 5% A B8 UE A AT IR IE , 51 epoch PRAF— IR
e R
2.2 EMIERR

A BF 58 R O 248 R K J# (mean pixel
accuracy , MPA) B 38 ¥ E,, #1F ) 38 3f . (mean
intersection over union, MIOU) {9 48 ¥ E o K PEAT
BEAY Y 53 HIBOR

EMP-\ = (8)

1 <o Pii
IR Y
1 m Pii
S = (9)
mZh El-:lpij"'Z_,:l(Pﬁ_Pn)
A IE A m AR R i=1,2,3,
ms3j=1,2,3,  m;p,.p, M p, 535 R HAE B ARE
151 Fi AR £ 431
23 GRS
AT E AR SCRT HRARY ( A R FE HoAth S

Eyov =

BRI 56 15 B 2% A 249 A0 ] B b A7 6 ik, 56—
ZH 55 R A CBAM A9 A7 &M 5 55 40 5 uE i A
PPM2 A5 550t .
23.1 HH—HEiE

Ha A PPM2 (1) 5 28 235 k) R AR SCHE Y ) 455 7
A3 A0 R AR T AR ours, 7R OB HEAT X
WL a5 Rk 208 . R 2ATLUE T, CBAM 2
T T BT EUR ZAE T 3890 . AL ours
43 BN G5 5 1 SR RS B RT3 58T Lt 4l ik
) 85.64% M 78.12%, LA AL 1Y 437 1 3.93.
8.30 M HE 4 o

TEAA CBAM #4773 B, A SCHEA W] By Bt
X R[] B R AR T S ] RO AR . 1 TR A
B RN A R s 16 MR G R E 2
B3 B 25 T B 2 ) S v, 6 TG B B Y GE 4
THD ST ARG, IR B S I, U — e
HEG B E R R N B e RN E
BURHIE , 5540 AN ELRRAE , DT 4 1 4S8 1) R AIF 6
kaES .
2.3.2 B THRIE

1) ¥ A CBAM ) PSPNet i MR T , 35
A ours HEAT XS LG, IR 2 s o N2 0] LI
H L A PPM2 $2 7+ T ST 4914 08 B AP 3538
IF L LY ours (1 BT QR CE 28 F L
FOAREAY T A 43 45 v T 2.60.8.16 1 H 43 4o

2) ¢ J5 i PSPNet il LTI, I 5 #5280 1 X}
P, a2 from . WAR A PPM2 B AL ) B Ik
IR NG FE NI L S s A 4 T

R2 A A CBAM A= PPM2 4 %] £ R 5 1

Table 2 Comparison of segmented results with/without

CBAM and with/without PPM2 %
P 2% 54 PPM2 | CBAM Eypa Eyiou
1 X A 83.04 69.96
ours el ) 85.64 78.12
1 H x 81.71 69.82
Il o b 80.69 65.81

H1 LA a3 BT R A PPM2 1 43 I BCR A i
PETE o o TR B 28 R 2% T SR A Al RTAR A0S
SIS a4 B B %, B LA SCE i A PPM2
KemilG BN SUE R, T LA AF 45 A 4 R 45 BRI
SRt AE B, DR B B2 000 LA A 1 A, BT ot A5 7
B B FRIE T, DL MR s B 45 SR S A

A5 M 3k http: //cslgxbzk. csust. edu. cn/cslgdxxbzk/home



10 RO mIREER(ARMER)

2024410 A

AR SCRE R H T BT G2 43 R /N HL A 2 X 42
o3 F Z [ P4 o A [T RS AE AR 40 R4 b 1 433
SRR3R 3 A, AR SO AL 5T X
Loy FIGE S BIRZE B 1 43 B3 58
I 4 )35 5 81.83% . 81.49% Fl 85.13%, L Kz %t
B T AT 4R ERR 0 53 F - 32 5 E A )
I 45.27% .32.14% .38.43% F154.33% , 2 T A
TN CBAM RYBERL T (255 . 3¢ 3 Wil =3 i E AR =
TJa 4500, 3% U BT, X 50 80 b R AR AT B 2
[i) 22 S 250/ INA TR, TR ASE R 1) 43 B RIOR B4
XFF AN AR, 3 A AN BH AN 1 AN ] 28 1) A

16, PRI B (Y 43 F0 2 LA IR M . (0 S5 B0 TAH
FE A5 ours A9 430 85000 b g i, e HE X 4k 19 43
FLhE R AP 2 I e i T 5454 EH A A

H 3¢ 3 T, FE AR A X 42 0 4 ) b LAY ours
SRR AR L, HOF 3 28 9F AT S A7 R L (H
SVARER TR R L 2 HOE AR T Y R
TR W R B B ours SRR T T AH 1L, B
P S 34 22 JF L T e — 26 Ul WY AR W) A
CBAM F1 PPM2 Ji5 (1 IR 53 FI R RE AL AT 5 W) 25 BE %
TE 53 #3800 R R B Be S & BRI 2 Tk
JEA TG b DX A ) 288 3] 0 A48 b [ 28 0 30

%3 A K CBAM #2 PPM2 R Rl % 31 %7 %89 E,yp0..

Table 3 E,,,, of different categories with/without CBAM and with/without PPM2 %
" EMI()U

LAY | PPM2 | CBAM [—— — ‘
IR GAL % R T AT 4 A
II T A 82.58 80.43 78.70 48.23 32.74 36.78 51.24
ours A H 81.83 81.49 85.13 45.27 32.14 38.43 54.33
I ¥ Jo 81.79 82.87 80.45 36.83 33.21 37.83 52.72
1 A o 79.89 80.52 82.46 38.12 31.65 36.88 48.88

A SCAE FH MobileNet V2 1E b 3 R fiF $2 B )
2 Wb TR SR, IR T AR A R RGBS
PETF TR IS FAOR . BB ours FUHARAT ALY
CEL{HZE AL a3 an &l 8 s o 16T A BRI L i
B0 BUE R 0~1 5938 SUJE 5 2% (cross entropy loss,
CEL) pR 509 ] 7 o 455 20 oy 1Y 5 L S R 28 22 [
28 5. BARINTR 4R 4 PESE 2 ERT I, CEL
B 4% 3 05 B & TN 5% 22 35 hn, CEL B o = 38
M8 AT A1, TE epoch A 60 4™ e A7 if , LY ours Y&
SOF B THEE s 5 H AW H , BER ours Y CEL
(BT Rt P AR X 3] T CEL By — @
AR

08 -

—®— ours
o7t T !
3 I.l

06 ‘ o 1

05
i |
=
S04 \

03 |\ g

= ‘ ° ° °
02t e s s
0.1 1 1 1 1 1 ]
0 20 40 60 80 100
epoch

8 RFEEA ) CEL{AM
Fig.8 Comparison of CEL values of different models

SR v Sy E R R bR B AE B R R R A
Iy FEAR T [T A A3 A5 RO R 1) B A SR
T RlE CBAM 2 PPM2 () X 45 k) PSPNet 43 %1 5
R 38 G R T ACGHS 4 B R L I SE AR
SCHR 1 X 25 B T T UG 3 BIAE

1) A B T 40 5 5 AN 235 T 6 B R AR 7Y
SR IR R B, 32 5 R o B . A DFSE7E
{85 B9 3 1 9 4% MobileNet V2 Ht LI FE AT 43 B 45
R 30 5 B, I F 2 T 6 B o T R P
B T T ARRAE S ICEE Y, O H A 45 I e R
BT R AES ) 9 HOR JE 2R A R RRAE fil & Fl
Gy HIBEE T 45 He A

2) JE IR ER T A5 B OE Z R, HAT AT
LK HRAS VT BEAE BE A YN ol B v [ s o) i A5 45 8. 32F
T BT RZE A, o 03 6 76 R [w) 2 31 B B b 23
AT ECE o AR 3G o 7R AR Hoin A CBAM, I 7E
G 2k R v ) 3 T A R RS [R) 4 B O T U
ST IR, SAH] T 58 EARAE B0 9E R
fiERy H A

3) [ 453 5 A PPM2 K fill & 22 4k B RS (S

A5 M 3k http: //cslgxbzk. csust. edu. cn/cslgdxxbzk/home



F21 5% 5

oAk, ARSI ) M 6 UL M 0 AT R % 111

B R AE B AR DT R B3 B 22 0 4l
fiE, AR T] B 22 2 > B0 32 & B4R AR, E T
P v A PR B R 3 S 24 TH I 465 19
ERERE

AL LA PSPNet iy B:4ilh , ffi FH MobileNet V2 1
i FE T RRAE £ BUES i A CBAM Fl PPM2, JE A%
“PPM1-CBAM-PPM2” (1) ER R 2548, 5243 FII T T ]
1% LT S BN Es (a7 B {5 B, IF 7F PASCAL
VOC 2007 £ 4 E AT 5. A5 4s R o,
S-S5 FOKG B RS- 438 I B 4 i) ik 21 85.64% F
78.12% A5 AR AR Tz AL PR RE B by, HL7E# WL A
S L 430 00 2 5] v A 1 RE R A T B L [ A A
R SR

4 i

1S3 F R TSR S U e B Bk A 64 1)
Az — o e A AR R AR B IR R IR AT
[7) 28 531) B8 — BOPE A [3] 2 51 69 22 S 4, 4 v
FIAG L S, R — DA i e

AR SCHERY BAR AT T — e k25 B i TR
YR D AR K B — X e A 2, B )
ZREERE o3 AT A 5 T AT — S R s ]

(&% 30k ]

[1] YU H S, YANG Z G, TAN L, et al. Methods and
datasets on semantic a review [J].
Neurocomputing, 2018, 304: 82-103. DOI: 10.1016/j.
neucom.2018.03.037.

[2] GUO Y M, LIU Y, GEORGIOU T, et al. A review of
semantic segmentation using deep neural networks[J].

Journal of Multimedia
Retrieval, 2018, 7(2): 87-93. DOI: 10.1007/s13735-
017-0141-z.

(3] BEM, B, 2004, 5. JE T IR A2 R4 10
KGR Loy FIEFEgrak [T ], TS HLT A, 2020, 46
(10): 1-17. DOI: 10.19678/j.issn.1000-3428.0058018.
JING Zhuangwei, GUAN Haiyan, PENG Daifeng, et al.

Survey of research in image semantic segmentation

segmentation :

International Information

deep neural network [1].
Engineering, 2020, 46 (10) : 1-17. DOI: 10.19678/.
issn.1000-3428.0058018.

(4] W&, £52, T ETIRES S W EIRE X380
HEEART] 4], 2019, 30(2) : 440-468. DOI:
10.13328/j.cnki.jos.005659.

TIAN Xuan, WANG Liang, DING Qi. Review of image

based on Computer

[5]

[6]

(7]

(8]

(9]

[10]

(11]

[12]

[13]

[14]

[15]

semantic segmentation based on deep learning [J].
Journal of Software, 2019, 30(2) : 440-468. DOI: 10.
13328/j.cnki.jos.005659.

ZHU L Z, KANG Z Z, ZHOU M, et al. CMANet:
cross-modality attention network for indoor-scene
semantic segmentation [J]. Sensors, 2022, 22(21) :
8520-8541. DOI: 10.3390/s22218520.

HUANG S Y, HSU W L, HSU R J, et al. Fully
convolutional network for the semantic segmentation of
medical images: a survey [J]. Diagnostics, 2022, 12
(11): 2765-2785. DOI: 10.3390/diagnostics12112765.
OTSU N. A threshold selection method from gray-level
histograms [J]. IEEE Transactions on Systems, Man,
and Cybernetics, 1979, 9(1) : 62-66. DOI: 10.1109/
TSMC.1979.4310076.

PUN T. A new method for
thresholding using the entropy of the histogram [J].
Signal Processing, 1980, 2 (3) : 223-237. DOI: 10.
1016/0165-1684(80)90020-1.

YEN J C, CHANG F J, CHANG S. A new criterion for
thresholding [1]. IEEE
Transactions on Image Processing, 1995, 4(3) : 370-
378. DOI: 10.1109/83.366472.

KHAN ] F, BHUIYAN SM A, ADHAMI R R. Image

segmentation and shape analysis for road-sign detection

grey-level picture

automatic  multilevel

[J]. IEEE Transactions on Intelligent Transportation
Systems, 2011, 12 (1) : 83-96. DOI: 10.1109/TITS.
2010.2073466.

TREMEAU A, BOREL N. A region growing and
merging algorithm to color segmentation [J]. Pattern
Recognition, 1997, 30(7): 1191-1203. DOI: 10.1016/
S0031-3203(96)00147-1.

CHENG Y Z. Mean shift, mode seeking, and clustering
[J]. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 1995, 17 (8) : 790-799. DOI:
10.1109/34.400568.

BOYKOV Y Y, JOLLY M P. Interactive graph cuts for
optimal boundary & region segmentation of objects in N-
D images [CJ//Proceedings of the Eighth IEEE
International Vision.

105-112.

Conference  on
Vancouver, BC, Canada: IEEE,
DOI: 10.1109/1CCV.2001.937505.

CRESPO J, SCHAFER R W, SERRA J, et al. The flat

zone approach: a general low-level region merging

Computer
2001:

segmentation method [J]. Signal Processing, 1997, 62
(1): 37-60. DOI: 10.1016/S0165-1684(97)00114-X.
B, UL, B8 . R RIOTE SR ] R E
S (B2 R ) L 2020, 66(6) : 519-531. DOI: 10.
14188/j.1671-8836.2019.0002.

HUANG Peng, ZHENG Qi, LIANG Chao. Overview of

image segmentation methods [J]. Journal of Wuhan

# A5 M 3k http://cslgxbzk. csust. edu. cn/cslgdxxbzk/home



112

KL XFFHROHRAFR)

2024410 A

[16]

[17]

[18]

[19]

[20]

[21]

[22]

University (Natural Science Edition) , 2020, 66(6) :
519-531. DOI: 10.14188/j.1671-8836.2019.0002.
LYy, IV, KRBT BT ST 5N PR
MM A Mg BB KPH T RE%R
(AR M) , 2020, 17(3) : 102-110. DOI: 10.
3969/}.issn.1672-9331.2020.03.014.

GONG SUN  Zhongyu, DI Junke.

Convolutional neural network for image classification

Hongfang,

based on moving average and rule decision[J]. Journal
of Changsha University of Science & Technology
(Natural Science) , 2020, 17(3): 102-110. DOI: 10.
3969/j.issn.1672-9331.2020.03.014.

WANG C L, MAUCH L, SAXENA M M, et al. On the
contextual aspects of using deep convolutional neural
network for semantic image segmenlalion[]]. Journal of
Electronic Imaging, 2018, 27 (5) : 051223-051235.
DOI: 10.1117/1.jei.27.5.051223.

MANUGUNTA R K, MASKELIONAS R,
DAMASEVICIUS R. Deep learning based semantic
image segmentation methods for classification of web
page imagery[]]. Future Internet, 2022, 14(10): 277-
290. DOI: 10.3390/1i14100277.

SHELHAMER E, LONG J, DARRELL T. Fully
convolutional networks for semantic segmentation [Jl.
IEEE Transactions on Pattern Analysis and Machine
Intelligence, 2017, 39(4) : 640-651. DOI: 10.1109/
TPAMI.2016.2572683.

RONNEBERGER O, FISCHER P, BROX T. U-net:

convolutional  networks  for  biomedical image
segmentation [M]. Cham, Germany: Springer
International ~ Publishing, 2015: 234-241. DOI:

10.1007/978-3-319-24574-4_28.
BADRINARAYANAN V, KENDALL A, CIPOLLA R.
SegNet: a encoder-decoder

IEEE

and Machine

deep  convolutional

architecture for image segmentation [11.

Transactions on Pattern Analysis
Intelligence, 2017, 39 (12) : 2481-2495. DOI: 10.
1109/TPAMI.2016.2644615.

CHEN L C, PAPANDREOU G, KOKKINOS 1, et al.

Semantic image segmentation with deep convolutional

(23]

[24]

[25]

[26]

[27]

[28]

[29]

nets and fully connected CRFs [CJ//Proceedings of the
3rd
Representations. San Diego, CA, USA: ICLR 2015,
2015. DOI:10.48550/arXiv.1412.7062.

CHEN L C, PAPANDREOU G, KOKKINOS I, et al.
DeepLab:
convolutional nets,
connected CRFs [J].
Analysis and Machine Intelligence, 2018, 40(4): 834-
848. DOI: 10.1109/TPAMI1.2017.2699184.

CHEN L C, ZHU Y K, PAPANDREOU G, et al.

Encoder-decoder with atrous separable convolution for

International Conference on Learning

semantic image segmentation with deep

atrous convolution, and fully

IEEE Transactions on Pattern

semantic image segmentation [M]. Cham, Germany:
Springer International Publishing, 2018: 833-851.
DOI: 10.1007/978-3-030-01234-2_49.

NING Q Q, ZHU J K, CHEN C. Very fast semantic
image segmentation using hierarchical dilation and
feature refining [J]. Cognitive Computation, 2018, 10
(1): 62-72. DOI: 10.1007/512559-017-9530-0.

ZHAO H S, SHI J P, QI X J, et al. Pyramid scene
parsing network [ C]//Proceedings of the 2017 IEEE
Vision and Pattern

Conference on  Computer

Recognition (CVPR). Honolulu, HI, USA: IEEE,
2017: 6230-6239. DOI: 10.1109/CVPR.2017.660.
SANDLER M, HOWARD A, ZHU M L,
MobileNet V2: inverted residuals and linear bottlenecks
[ C]//Proceedings of the 2018 IEEE/CVF Conference on
Computer Vision and Pattern Recognition. Salt Lake
City, UT, USA: IEEE, 2018: 4510-4520. DOI: 10.
1109/CVPR. 2018. 00474.

WOO S, PARK J, LEE ] Y,

convolutional block attention module [M].

et al.

CBAM:
Cham,
Germany: Springer International Publishing, 2018: 3-
19. DOI: 10.1007/978-3-030-01234-2_1.

YANG K'Y, WANG Z H, YANG Z, et al. RecepNet:

network with large receptive field for real-time semantic

et al.

segmentation and application for blue-green algae [J].
Remote Sensing, 2022, 14(21): 5315-5339. DOI: 10.
3390/rs14215315.

(RERE:F=F; K3 :XF)

A5 M 3k http: //cslgxbzk. csust. edu. en/cslgdxxbzk/home



