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Image Semantic Segmentation Method Based on Context and

Shallow Space Encoder-decoder Network

LUO Hui-Lan' LI Xiao'

Abstract Recently, the research on image semantic segmentation basically focuses on how to extract effective se-
mantic context information and restore spatial information in order to get more efficient algorithms. Some models
use a fully convolutional network structure to obtain effective semantic context information. This kind of frame-
work does not use the spatial details in the shallow layers of the networks. To effectively restore the spatial details
for the decoder, some researches utilize the U-shape structure of complex network connections. But they could not
obtain high-quality semantic context features. To better combine context information and space information, a nov-
el semantic segmentation framework is proposed in this paper. A two-branch strategy is adopted on the encoder.
One branch is called contextual branch, which is constructed with a proposed semantic context module to obtain
high-quality semantic context information. And the other branch is spatial branch, which is designed as an inverse
U-shaped structure with the proposed chain-reverse residual module to enhance semantic information and preserve
spatial details. Moreover, a refinement module is proposed to add to the decoder to further refine the fusion fea-
tures of context information and spatial information. The proposed approach achieves competitive results on the
CamVid, SUN RGB-D and Cityscapes benchmarks.

Key words Semantic segmentation, two-branch strategy, context semantic information, shallow space details, in-
verse U-shaped structure
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The network framework of our method (HAB: hybrid atrous convolution block; RPB:

residual pyramid feature block; CRB: chain inverted residual block; RRB: residual recurrent

convolution block; Deconv: transposed convolution; R: atrous rate)
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A 24 i f A 80 B s A )P 3558 O
tt. (Mean of class-wise intersection over union,
MIoU) 1F Jyifs Loy VAL FR AR, B TSR
Iy S S AR C B 2 TR AL, ol it o
SR 53 B 5 LRl B TRl S AR B T AT )
FEE, HEAN

1 iy
MIoU = —
Ne ;(ti + Z Nji — MNij

(7)
Hrp, n, R EBHRE R EEL, ny; FoRLhR
e SRR SUMIPSESTIRIEE S Pt §E IR e S
BRIy @ R R R H . MIoU RIIBUETE LA [0,
1], 2 MIoU HIMEMOR, Bt T 731 B 5 HAE AR
P ) 5 30 RS A1 L 00 £ 3 ) P R v

CamVid #H#E&E LHER

CamVid 55 2 H 302 B A0 H 118 3% 37 5
e, XAMEIEES S 376 TR E . 101 185
WEE A 233 TR, B 20 #5308 360 x 480
%2, A 11 A5 ). #08 ENet!™, A S0 ff A
7 A 2 AE O A O LR A SR AR R N B H 1 28
A, BEAEEANE SCEA A B A R AL R, T ok
Cam Vid £ #is £ 1 S APy 1) . SRR T H 5
s (8), Hh, class RINFEM, pelass 77 T
class TEE GG Z R IR, ¢t RS, X8
BE N 1.02.

3.2

1
_ 8
In (t + pclass) ( )

A5 A CamVid AR E AR 201

Wclass =

Iy RITER BN R 1 Fros, A7 AR
ARG BAL R DL N — e 7T, B2 R A
SR EE R LLE Y, A SO ] U B A5 fg A0 —
I3 R I TE Loy FN TR T R BT, B WIAR ST
VR AR I R LT SO SCRFAEFIAT 5048 F
JE 7 (B A5 15 B A 9 i s 3e SUR B v LR
H, ARSOT VR FE A B8 HE R R ) R WA o B 5T
Hor B Wik, 1 SegNet 7555 1 4728 3 F1l (1) 731
Bl R AR BE IR H B8 AT s CGNet 7E28 2 1758 4 51 7
FI P ol @ SR U R BL K BiSeNet (xce-
ption) 745 2 1745 5 FIH 7> F1 & ook i R A R R
IRGE AL RO 5 B /NI R KT A e IR HH k.

N T BRSO IR IR, 3L 2 P T A
SRR 5 ATV B R, PLAE NVIDIA Tesla
P100 2K EINKI A BE L. Ik 2 a5 RPR,
FEE SegNet, A7 iRAE 7> FIKG B _EA R K K2
F+. %FE BiSeNet (xception), AT VEALE > EIFEE
S T W RRIRTE. A BiSeNet (ResNet18),
KITTESHEE D,

SUN RGB-D ##E& FabsE

SUN RGB-D & — k% K E N s iR
£, EHH 5 285 TEIIZRE A1 5 050 HEdat & F,
HHA 3T ANENWARIER, whhEE, k. 5T
B Wk IRE. TR rIviss 24 ANFET
TR KANCL AR T B, I B8 PR 280G Loy #
Kt —AMB R A HAEH T RGB i
MEAERRERE R, LRt fE g, AT
sl H 1000 M B VR R 6 IR Bl 45, R T RGN A
RIVE RS FF L BRIZ A B8 73R 0T (I A .

A TTEAE SUN RGB-D MR AE | i sz ig 45
5 MuT B A R R 3 B, ATLUE |,

3.3

F 1 ATNEEHARTETE CamVid M4 E MIoU AL (%)

Table 1  Comparison of MIoU between our method and the state-of-the-art methods on the CamVid test set (%)
T Tree Sky Building Car Sign  Road  Pedestrian  Fence  Pole  Sidewalk  Bicyclist ~ MIoU
FCN-8! - - - - - - - - - - - 52.0
DeconvNet!®! - - - - - - - - - - - 48.9
SegNet!' 52.0 87.0 68.7 58.5 13.4 86.2 25.3 17.9 16.0 60.5 24.8 50.2
ENet! 77.8 95.1 74.7 82.4 51.0 95.1 67.2 51.7 35.4 86.7 34.1 51.3
Dilation® 76.2 89.9 82.6 84.0 46.9 92.2 56.3 35.8 234 75.3 55.5 65.29
LRN! 73.6 76.4 78.6 75.2 40.1 91.7 43.5 41.0 30.4 80.1 46.5 61.7
FC-DenseNet103" 7.3 93.0 83.0 7.3 43.9 94.5 59.6 37.1 37.8 82.2 50.5 66.9
G-FRNet!" 76.8 92.1 82.5 81.8 43.0 94.5 54.6 47.1 334 82.3 59.4 68.0
BiSeNet (xception)!! 74.4 91.9 82.2 80.8 42.8 93.3 53.8 49.7 31.9 81.4 54.0 65.6
CGNet® - - - - - - - - - - - 65.6
AT 75.8 924 81.9 822 433 943 59.0 423 373 80.2 61.3 68.26
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Fig.9 Qualitative comparisons with SegNet!?, CGNet®! and BiSeNet (xception)! on the CamVid test set

# 2 f£ CamVid BiiE4E L RIMERELLE:

Table 2 Performance comparisons of our method and
the state-of-the-art methods on the CamVid dataset

SHE B TIE iR

i B) ms) (b MU ()
SegNet /™ 29 23.2 42 50.2
BiSeNet (xception)™ 5.8 12.1 82 65.6
BiSeNet (ResNet18)™! 49 64.8 15 68.7
A5 31 39.5 25 68.26

R 3 ARTFiEEHANTT%AE SUN RGB-D #llik4E L)
MIoU FE (%)
Comparison of MIoU between our method and
the state-of-the-art methods on the
SUN RGB-D test set (%)

Table 3

Jii: MIoU
FCN-8! 27.4
DeconvNet!* 22.6
ENet!” 19.7
SegNet! 31.8
DeepLab!” 32.1
ATk 40.79

AT SUN RGB-D #4454 bk kit
REBRTE, MM IGAIE T A SO VR A 2. I 4tk 4

AR 10 Pros, W UL LA 3L AT AT 2
ooy EI G k.

3.4 Cityscapes #iE5%E LR

Cityscapes FUH 842 — AN 1 70 FEE 0 T 18 % )
S ATER AR, RRIE EUER ) 73 550N 2 0481 024
Bz, BA 19 /N SR, A5 5 000 18 & i AR
e B AT 2 lEA RS R id B, A SRR R 5 000
Wk AE bR 0 B B T 9258 %8s 7 dnife, 1X
MBS 3 AN T4, 2 975 TRIZREE. 500 TR 5%
WESEL 1 525 TEIAREE. 1EIIZRIN, A SOk B 8T
N 512x768 183 K/, SRS ERGUESE b VEAS PERE,
Hg AR _FA3 2 145 RIS 205 VG R .

AR TTIELE Cityscapes MR T #5256 25
540743 B 5L LR 4 s, W LLE AR
WA T H M3 R, ASCEA KT AR
15, % PSPNet 1 2 R EE. HIR PSPNet 43 1
U ECR, (HHAE A ResNet101 1 H T M
2%, X FEE RIS T 4 e, 18] T 65 MB &
o, fE— &P REARTIEET. ACRHSH
T 14 ¥ ResNet34 1F 8 T W 4 H BUS B 4F (1)
e, B2R BiSeNet (ResNet18) HH T M4 H R H
7 ResNet18, (HEfH T 2 RE IR AT B A HE,
AE T @ R LR LA TR SURHE, BT
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Qualitative results of our method on the SUN RGB-D test set

Fig. 10

® 4 ATNEEHAMTTVEAE Cityscapes MRS L ELAEL

Table 4 Comparisons of our method with the state-of-
the-art methods on the Cityscapes test set

T3k 24 (MB) MIoU (%)
FCN-8!" 134.5 65.3
ENet 0.4 58.3
SegNet!™ 29.5 56.1
DeepLab! 44.04 70.4
Dilation® - 67.1
PSPNet" 65.7 78.4
CGNet! 0.5 64.8
BiSeNet (xception)™! 5.8 68.4
BiSeNet (ResNet18)!! 49 74.7
AT 31 73.1

DA EUAS T HE AR SR i — e PR Re. 1 Bt T A
Pt AR T A A RUR S  AR SE T A
B, Z4E BiSeNet (ResNet18) /b, ] 11 &
FESUESE BRI AL 7 R ERCR, W BLR A SCTS
IR AT] DL 23 R R A k.
3.5 HRRSELG

N T SR BT B AR R A RO, AR /N R T A
HIY 77 VEAE CamVid HEEE FEAT 1 IH AL,
35.1 WIEREY KEFUIRRFFKRE & FEIFE
REVME R B

AR 4 FhI7 RV G RN 22

& P RE SR BB L R B 1) A8 G fidom 1) bR SCR%
B RARRAY KB, 2) fE4MDum I E R 3
P12 P AR 22 & IS FRAE SR UL, 3) 7R i ot
NS RREREY KGR Z & BRI R
U 4) 7RGt BT SO HIE &9 ik G M
MEH AT 22 4 T RS RFAE SR BB B, siza 45 a3k 5
Fiom, WE SR LA B, RN R &3 sk f s
BRI, 72 4 7 SRR S UBEHR IR 3145 1 43 ) 1 B i
UF, 15 B3 P AN AR i SR O R0 B R AE S B DA
e 22 RPERFAE, NI HETH X 25 43 1 1 R
3.5.2 IHER&I KERMENM

AR 4 BT ZoRTHIR AT IR BRI E 2L
PE: 1) REHFTE 2 i 5kR 8 1 EEY kG
e 2) REFH D P k05108 2, 3, 4 FIREY
Tk RUELL; 3) BT /0 Ly ik R N 1 MIREY kG
U HUIN G 2 4 7 B R SR UL B 4) AR S5 v,
BNy sS4 sk B 508 2, 3, 4 KRS KBS
INFR 2 G FIEFRAE SR IR, S2I6 45 RN 6 Fios,
RAEH AT 2 2P kRN 1 R A kG R R
SREC R 2 sk R 5o 2, 3, 4 IR &Y 7K
BRI RE LT, (HINNFR 2 4 7 B R AR FR L
PR , A SCBETHHI 0 S8 KR 008 2, 3, 4 iR
B Ik G AU HUIN ik 22 £ 7 B4 A SR U e (1 A5 7Y
AT T BT IIRCR
3.5.3 WIERAY kERERERE S FIEIFE
1R ER R B 54 I P

AR 4 Fh 5 FRIGAE R ORI 1)
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Fig.11  Qualitative results of our method on the Cityscapes val set

x5 REY IRERMRE S F SRR EUS S
X RERISZ M (HAB: 1R &Y 5KkGRUREL
RPB: 77 & 7 IR E SR B 2 )

Table 5  The influence of HAB and RPB on
performance (HAB: hybrid atrous convolution block;
RPB: residual pyramid feature block)

HAB RPB MIoU (%)
X X 66.57
N X 66.22
X N 67.51
v 68.26

® 6 RGYIREPEEERER R (HAB: &Y 7%
G RPB: F& 2% & 7 I RHIE SR HUBEER)
Table 6  The influence of HAB on performance (HAB:
hybrid atrous convolution block; RPB: residual
pyramid feature block)

RSO IR p [F 8 IR & 7 5k G BB A ik 22
& TR LR DU RE S PRAT SR AE AR RE, TR
7 g T IR R AR SR IURE B [0 D 2% R AF 2 52 i AR B
FZ, WALPRE FEAITERE L, VR &3 5k GRBIHR AN
7 4 T PR AL SR UL R (121 45 S A 2%

T OIREY KRB G T2 & B RFIE SRR HR 1)
SR S PERE IR (HAB: 1RA Y Tk R
RPB: B2 & HE RHIE SR I )

Table 7 The influence of the structural order of HAB
and RPB on performance (HAB: hybrid atrous
convolution block; RPB: residual pyramid feature block)

ik MloU (%)
HAB+HAB 67.29
RPB+RPB 66.95
RPB+HAB 68.29
AL (HAB+RPB) 68.26

HAB RPB HAB& /34 3k % MIoU (%)
N x 2,3,4 66.22
v X 1 67.84
J N 1 68.16
N v 2,3,4 68.26

RET IKREPIRBINE 5 IR EREE; 2) iz e
7 B8 R AL A HURE BN B 22 4 B R AL 4R O B
3) B2 & T I R SR IR BN S 7 Tk BB B
4) A7, AR E Y TG BB BN 22 & 7 1
AEFE IR, SEga g5 Ak 7 fros, /R L BT

3.5.4 IIFE AR BM

KICRHT 5 P R VAN g b ity 2% 8] B 42 1)
AR 1) WA AR, 2) f F 9w i i B T X 4%
HRIZEEME N2 A %A% 3) A 4 i B 1 X 4%
AR AR NS 18 4% 4) U 4 Ry i 25 18] 4%
(B AR AR A U B R ZE A 5) AT
15, Wl U BIEE RG2S 0] 15, R AN B 42 i A
R BRI, S aE R InE 8 s, S
8] %42 AT LA M BE AN 63.55% $2 T3] 66.79%, it ]
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* 8  AFETMEAN MR (CRB: # % Bik%E
B, SP: ARl 4%, LFP: HRERHEAE A 23 ] %45
HFP: w2 RHIEAE S 4%; RUP: Jx U RS [A) R AE)
Table 8
performance (CRB: chain inverted residual block; SP:

The influence of different spatial paths on

spatial path; LFP: low-level feature as spatial path; HFP:
high-level feature as spatial path; RUP:
reverse u-shaped spatial path)

R 10 REMRESERRGOS L RE R0

Table 10  The influence of RRB on performance

J5 MIoU (%)
AR A 68.26
AR 67.50

Jik MIoU (%)
No SP 63.51
LFP 66.06
HFP 67.49
RUP 66.79
RUP+CRB 68.26

ffi IR U BRI R A5 A 2R FH gm b i i
JERHIE, 3X U0 B G B i (1) R R AE R TR
oI e 7 ) 25 TR 4B 45 8 0 P B X e B AR =
fEVEREM 66.79% $-F+F| 68.26%, i B HE = B %
ZEREHLRT DUAR B 2 () 071545 2[RI B o s R
EAES, MW FHE S EItERE.
3.5.5 IE R BEREEREKIGENSIEM
TEZS (AR AR R, AR SR K P 38 Ok P % K 433l
AbF PR FE R TR . A B R RS R, B A
DA IS TE X ZE R, % 9 F R T E CamVid
HHE A AN [F) B K 1 B AR SO HE R ) ) 1 BE )
S N 9 W g SR AT DL ) A SRS
T E RS 243 ) A FH 36 D B < 1) e Bk 22 AR b B
JIEEEE

RO BB ERGA RSO PR RE KR

Table 9  The influence of CRB chain length on
performance
Jyik MIoU (%)
BRI 1 67.20
FEEAREER I 3 67.25
AL (AN 3,2, 1) 68.26

3.5.6 WIFREEMMERIERMBHME

N TRV FT R AR B A R, AR SCREAE
FIOC AR S AAS s A A B AT XS L. an 3R 10
s, i FIOLAC LB BE A 70 B PERESR TH 0.76 %, Bt
DR AR AT L DS il 15 S 00T SCRFAE, AT 3 5
T EIvEse.

4  HRIE

ARSCRNTITTC T R AR 235 ¥ R 3 S 46
(I8 S 7532, BT — AT AR S ) i )R P

SIHEZRFH 38 S &, 189 5 5m K F = 73 SCE R LA
AR R SRR R bR SO SURFAE, [ IR 280R) P 20 B
i e P 1 A A5 R RSO RAE 3 ANE Ly
AR LS TS IAR, — R P
RS R IG IR T AR SCHR HY A % D BE R A R
R AL T S5 5, KB ST R A /N R
I ENEAGSNFUE, B — 25 LA L AR XA
A, Rt — b Bt o A,
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