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Image semantic segmentation based on

manifold regularization constraint
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Abstract : Objective Image semantic segmentation is one of the essential issues in computer vision and image processing. It
aims to divide pixels in the image into different categories semantically, and to foresee pixel-level predictions. It has been

widely used in various fields, such as scene information understanding, automatic driving and medical assisting diagnosis.
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Competitive performance has still suffered from challenges such as low contrast, uneven luminance and complicated scenarios
currently. The performance of semantic segmentation algorithms have mainly constrained by the spatial context information.
Current methods based on deep learning algorithms for image semantic segmentation has focused on harnessing the context
information between pixels. For instance, the attention mechanism builds an element-wise weight matrix to capture the simi-
larity between pixels which can be used as coefficient to summate the input. Meanwhile, probabilistic graphical models have
been utilized in the spatial context as prior to enhance the classification confidence. However, these methodologies require
massive computational resource (e. g. GPU memory) . A contextual information capturing method is demonstrated based on
manifold regularization. By assuming the data in the input image and the segmentation prediction share the same locally
geometric structure in the low-dimensional manifold, this research illustrated possibility to harness the relevancy among pixels
in more efficient way. As a result, the novel algorithm based on manifold regularization is issued to exploit the spatial con-
text relation from a geometric perspective, which can be embedded into the deep learning framework to improve the perform-
ance with no increasing on both parameter amount and reasoning time. Method The contextual information analysis in the
image can be effectively captured by manifold regularization. The DeepLab-v3 architecture is extracted the image features,
which uses the residual network (ResNet) as the backbone network. The last two down-sampling layers of the model are
pruned, and dilated convolution is employed in the subsequent convolutional layer to control the resolution of the features.
For the methodology of regular segmentation, the cross-entropy of single pixel between prediction and ground truth is only
involved in the cost function and sum up in total loss without any context information simply. A detailed manifold regulariza-
tion penalty designation is integrated to single pixel information and the neighborhood context information. This geometric
intuition for the initial image data has the same locally geometric shape with those in the segmented result. It indicates that
the correspondences between clusters of data points in the input image and output result data points. For instance, when the
distance of two input data points in the manifold sub-space is close, the corresponding segmentation result data points are
close, and vice versa. Furthermore, the image into sub-image patches to capture the relationship between to customize the
constraints between pixels. The hierarchical manifold regularization constraints are achieved via sub-image patch divides
into different sizes. When the patch size is minimized, the constraint is between pixels substantially and the approach acts
like other pixel-wise context aware algorithms such as fully connected conditional random field (CRF) model. On the con-
trary, the maximum patch size which equals to the input image size makes the approach become semi-supervised learning
algorithm based on interconnected samples. The analyzed model gets improved on segmentation accuracy and achieves state-
of-the-art performance. This model is based on two public datasets, Cityscapes and PASCAL VOC 2012 ( pattern analysis,
statistical modeling and computational learning visual object classes 2012) . The performance is measured via mean
intersection-over-union (mloU) averaged across all the classes. The open source toolbox Pytorch is used to build the mod-
el. The stochastic gradient descent (SGD) method is adopted as the optimization. In addition, data augmentation is con-
ducted by means of random cropping and inversion in accordance with probability levels. The operating system of the exper-
imental platform is Centos7, with a GPU of model NVIDIA RTX 2080Ti and a CPU of Intel (R) Core (TM) i7-6850.
Result The tests are conducted with the effect of manifold regularization. The algorithm achieves a good accuracy of the seg-
mentation model without increasing computational complexity in the process of model implementation. On the benchmark,
the ResNet50 backbone model improves the performance by 0. 8% with manifold regularization adopted on the PASCAL
VOC 2012 dataset, while the ResNetl01 backbone models bring 2. 1% mloU gain. These results demonstrated that the
manifold regularization get qualified performance with larger network model, and the analyszed results on the Cityscapes
dataset also prove this inference, the ResNet50 model increases by 0. 3% while the ResNet101 model increases by 0. 5% .
With the comparison of other context aggregation methods, we achieve mloU of 78.0% on the Cityscapes dataset and
69.5% on the PASCAL VOC 2012 dataset. Furthermore, visualization of the segmentation results is implemented. The
generated segmentation results are more accurate at the edges and have less error rate based on the algorithm with manifold
regularization constraints. Conclusion This demonstration illustrates a novel algorithm for the context information image
semantic segmentation via the manifold regularization constraints, which can be melted into the deep learning network model
to improve the segmentation performance without changing the network structure. The results verify that the illustrated algo-

rithm has good generalization capability in semantic segmentation.
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IR, A R A )7 5 1 7 BT 55 A 20 5
BRINRAEE ST R B 2 I 45 (fully
convolutional networks, FCN) ( Long 5%,2015) , {HJ&
2 BR T A B 0 JRy B | 23380 45 RAN 32 IR T Ry 5
A IERAZ W Tkl AR S 0 LR SUFE B ATTRR
il 7 FCN KB AR, Jioh  TERMEEE T R
PR i AR T AR B ARG JUHAE U AL
ZRes b (RN 45,2020)

MR ABERE R B SCE R, B SRR
(Zheng 55,2015 ) 5% 14 2 1 P ( Zhao 55,2018 ) fifi
AR A ) B R R AT R At 7 7 7 P A R
fiE, DT {4 Y 25 SR BR A Rl 5 2518 R U Z TR OC 2R
{HRTESAFREHL LA R 1 2 1AL | ASOR) SR~
15 2R A5 TR R ARLRE A 57 %5 PR K ( Kridhenbiihl FI Kol-
tun, 2012 ) BEA ER AR P4 Mk DLZE IR FE B A el 4% B
FRBUFROR , 5 AN A B R T ) B R 5
BAMERZIAIMOCR TR A 2 B m Hob A3
U5, T BR ] T AR U U EI g R, LT
DA b [R) 8, AR SRt —F s T 1F DAk 24 o 1 PR T
SCOFEVE AR 5 03 0 v i A BN N
25 WA PR AN AS TR 3 JE H- 4 33X B AN T 22 [RDG)
KFRFHUGR W ARIELE R, AR T 53X
M5 BRI TR IR . A SOy 2 oTmk
A1) — R T LRI AR 8 B T Ak 7 i
TR T v A 2 ] AR AT 1 A BB i e D A R
FRAERIFER B 4548 b 51 A TR R SR B S
KR TERG R, 2) 5IUE R EG E
SBRARGE G A SCH R A A TE AR SR R RE A AR 47
bt A2 53R JF BT HIRE BE  7E 2B
PR LR TEUSEA E . AU LR

% Github, It = B hE & https://github. com/
jiaxu0017/ Manifold_Segmentation,

1 #HxIE

L1 iEXSE

VT JUAE BT X SCor R AR IS 1B ke
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B HEE, SRMIFIAR R FCN i T 2 2 1t 1k 45
VES BRI FRE AR B AE G405 b 2 06 ™, A

SO T SETEAN T AL R, A X — )

Chen 55 A (2016) . Yu F1 Koltun (2016 ) i i ¢ /14
R RATARAE LASRAT BORS 4 A0 RRIE DT R T I ik A5 Bk
458 %7 B | DeepLabV2 ( Chen 45,2018 ) # 1 ASPP
(atrous spatial pyramid pooling ) #3 | F| FH A [7] 14 i
fAE RIS B SCH 95 B, DeepLabV3 ( Chen
85,2017) B R T ZRIBR BOFAT 1 23 17 5 AR i i
N T) 3 4 14 2 ) A5 BRI E R SCAF L PSPnet (pyra-
mid scene parsing network ) ( Zhao %% ,2017 ) Fl| H4: %
PERATIR G 1T SCfE R oAb, i i i Al 4 e —
fift 1 2% 45 #4, 40 U-Net ( Ronneberger %5, 2015) |
RefineNet ( Lin 55,2017 ) fil SegNet ( Badrinarayanan
85,2017) 55 K5 B Rl G 7EIRZ Fls R g5 b 4R
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T EIRGEE oS00 AESrEIAE R AT n AL B A
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— M TRS B A BT . W LY JE AR BT VA A
FE A FH &1 BEHL 37 ( conditional random field , CRF)
( Chandra 55,2017 ) #1 5 /R o] J [ #L 3% ( Markov
random field, MRF) ( Liu %,2015) & 7 K14 &
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45
1.2 ETXEERHR

FIH R SO BRI R R R S BITEd Ty
AR BUE H AT TIOFFE DT 0, A FON 28757 1548
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(2020 ) 381 AN 7] £ 12 I 265 BRI 3l A S5 45 4 A 1Y
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T XA ERIE . Byeon 25 A (2015) 5K 1 3 # 42 %)
2% SRS Y S [AE BB SRR 5 b
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XFREFYZ AR OC R o T T A 14 J7 gk SOUE
LS A PRI AL A 4 BB 22 ) 26 AU S8 SE il
S B ot 2] o Oy A A A 2 0 2% e XA
RAJRICER A REAR AR ke T KA 12 my
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TR ERELKR,

AU BN SCZIE] YOG FR W P AR 32 4 g A8
AEE FIRFARIC T AN, T3 IR I A
SR RN R AR AR AL TR SR O B 2
W FPEAE T Y, Vaswani 55 A (2017) FIHE &
FIWLH ST, Transformer 5% 7Y 3 FH H A2 A G R pf 22
W& 3 3 2 il 4 SR ARAT O 2R THL s Bl AR5
BFIRMEERTE . H T, HE AL Ok 2 1 v T
THEMLI 203, Wang %5 A (2018b) F) FH—FFHE
JRIT A A AR AE B b A A3 ) a5 [R] A A
RHEREAE BB RITE TR R G5 S BN B
AF B AT A, DANet (dual attention network )
(Fu 55,2019) @ i 45 G R R Ry B S0 B A E
230 N Y bR SCAR Bk 4 i 0 HDKS B, CCNet
(criss-cross attention network ) ( Huang 55,2019 ) i i3
BRI A8 SO B B 38 Ut AR FCER TR R R
1R SO R Il IR R — MR R R
AT LUARAR BT A7 15 R I R AR G 3R
1.3 FRFEML

TE AL 2 o S AE A 36 2 e D s, T (] )
2 Tikhonov >R fiff AN1E X 35 [A] @1 HAE RRE LIS
B BAE T 2 HF LA 2 2 93K ( Evgeniou 45,
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TEDAR BRG], T I O DU A DR S A 1 L
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BAERAHIC T HK A R R NRE A AR R R4S
B EIE M bR s e, Tz ki, WP
TEDAE T2 B 2 B2 2] (Belkin 55,2006) .

TERIZ M 2 rh | i T 2200 & IR E s a2
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MBI o Ry R DRAAE 5 48 45 %, ol 52 2% 1) JLAe]
A3 AR TR s TR TAE 4R £
itz VR IE AL 2 W 2 S HESE - Belkin 55 A
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RO A IR bR e B g . 5 oh, BE X2k B 2 2T
Geng %5 A (2009 ) 4 H NTERIE A shit Y 535, I
FRT —MEGTIE EN LA HESE | 45 & —Lq) ih
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TE2 W B 2 2] v [ PE T, Niyogi (2013) 38 i 8 57
minmax fEZR {4 T ZFp27 20 090y =X, 38 o % 0B
P W 2 2] v TR A I R A R R LE I 1 K AH
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HRELE  BF S8 5 R I 2 20 1 UG 41
AU, Quispe Fl Petitjean (2015) FI| FH A5 56 % 42 1)
JUMRITE AR T 53 51 12 S8 Rk AR 7 180 &1 ok 4 e )1 2
SR RAE , XTG4 FIHAA RN (R B . Luo
1 Huang (2014 ) 45 1 —FpEHXF WIPE Y AR E R 2
A2 B 43 H1 ) 38 R T R b A | 3 3 3 T 2 o
(477 2R 0 v e i 22, 3 13X — JEU AR SO
FHUEIE I WAk 2 o0 R 3 S5 BB AR S HGHA T
Ak, 308 3 2 5 %R 40 0 b %) i A B N o 4 SR
ANTIE Z [RIXE R 5 2R, AR IBCECHE (8] A A AR 25 48] , DT
PETFEIEA G PERE

2 EEBEIEKRSHM
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TR IE 57 >) S0 3 A RILER B2 T BT 55
SR T, R REARAIE SR fifp &35 SRkt i v i 88, 75
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[i] PR 453 2K PR, LA O R L, 2 S
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SR % B L, TR AL B

1207



1208

PEEREEF IR

JOURNAL OF IMAGE AND GRAPHICS

Vol.27 ,No. 4, Apr. 2022

N ¢
L.,(y,9) == 2 X yilog(3}) (2)
k=1

i=1 k=

b N BRI 2 SR N SR R A,
FORE I MBER SN B RS R BER A S, 5,
FORE | MEE N b LRI 25 5
AT (2) T AR, X Sk pR B Bl
FACH S BAAMRZE 5 Y T 235 5L 5 S = 1] A
TUE A HIRARITR R S Es R s, N E
W F FERRBITAR R S R HA R LT %
12 S5 0N N Hopb o 2 A AE B B K, X2
SRR SR T SO B 5 2k i 4R 5, b i
TR — 7] {8, A S sk 7 40 2K pR U 51T 1
LR IR S HAR SRS R 18] T U B e
2.2 mEENL
FEAR SO A i A B A 55 H X I ) i 2%
T 5 Ak TR RO 25 8] P AR 2 ST 1l 1 25 A ]
(R ILAT 28, 35T 3k — {8, 1) FE B8 4 L AT 2385 44
A TE AL 2 R A SO BB, 7EX(2)
HOIM A IE W 2307, AR L, N
Lo(y.y) =L+ |7k (3)
A, A, RT3 A A EE S5k, ORI R
LU R AR R AR TTIR o (|2 DX i 1 )
IO, FH 4 e A BN 5 i 5 SR A I i i R
25 8] b B JLAT 4 0 — B, 5 T T R B 1%
RIB) 2G5 F) R SO,
S —HE X ={x ] ,,x, e R", Y =
(y, )My, e R" Y I X ISR, JHE G(X,02)
FAEBR S Z M LR R . R, 2= [0, ]
S A, 0, FBAE T FAT R 8 v, Al Z
] (R 2R X R (P g S0 R A 194 RRC G B 8 6
BFEPICER o 1T S, Bk
v, = exp(— |x, -x,[?) jeN, @)
0 jeN,
P N, FoR x, TS RS, NI N, !
HIFER— . 2 x, R T x, MABBRAIN 0, 0,
RIAS 22 R T 4 5 =2 8] A A B 52 ), {055 R 23k Y
HIRIE S5 H
i w, A K x, 2Z WAL A e
FAAB Y x S0 A X 17 A T 25 5 y b ELAT B A G
P, 45 IR IE I 52 SC, B
AR = Z )y

i=1 jeN; k=

AR ARY (5)

MER(5) ITRAFE 8 v, 71 x, BAT m AR
i, AR BEEE R y, 5y, Z 22 (E BRI AT
AE/IN, 2 AT 23 KAR S AL, IR 1
i NS RTINS R LA AT 28 Qe 1 s

[N EPIRCIEST 577 N

Fig.1 Geometric structure diagram
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N C
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93575 T RO
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b N BRI R TN, 22 R B A
LT, 0 BT A S8 AR THURRECL,,
ffige =S [l
2.3 FEGRIS

TESE PR BB R AR 265 78 I ZR 008 F bR 25
B (P, T,) 1., P, € R AT, e
R M NGRREAR BEL, P, Fom 5 m A2
18,T,, Fn5 m ANEEAREE w 1 0 AR R 5E
s e ARFRRS RLAY 73 B, ARSCTI AT EI R K s,
RIRRe ISR R 2 B R s x s AT EUGBR IF# 841
PRI S s Kl AR S0 235 SRA'R DA YA L 0 v 5
i x, HOIUAE, B

%xi } ;:)jl xi e R(w/s) <(h/s) -3

(7)

A

by b

M (7) AT LA i, 24 50 #1005 G S U /)
{H 1 x1 i, X5 CRFasRNN ( conditional random
fields as recurrent neural networks) ( Zheng %5 ,2015)
RS R B O3 HE T, A0 AR B O 25 B AR TR
RGB HU{E AR ZR 43 T A 7] f) T 00 45 2R | 7 A 32 ]
A JIER P (y [ x) , WILf S5 1 F B2, B
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BiRA, RMEB, =i, HE, BES/

A IENAE LSRRV ENGIE X 53 &)

ok /| e AR B P i A S X 7 40 B+ 235 SR A e A s
B A R ER A B, 22 T 3k - [R5 B 4 i 18 R, mT A
KAt AE B 25 1] rhORR B 3 9 [RIAR RT3 1)
SR A R R . S RUS R
INETE AR SE hoxow B AT 76 1 2R3t 8
Pt 22 [ 57 ORI, D TRE AR SCEE 2 AT IE W 24
TROH LI W B 24 2] ( Belkin 45,2006 )
2.4 EEZXM

HEIAT I DU 24 SR A S BAG TR 2 2T X 4%
RS AT S5 90 i %o i P PG SC o3RI AL A )1 2

TR 24 ) Ay B | 4w i A IR LA Kb
BHSUE {(P,,T,) |,  JHE PR S U R 4
M Q (s ik 2 B, BRI .

1) B JERR EUR A E R s x s T EMGHAER x5

2) I (4) THH 2 F BR S Z 0] 9 AR 5
W 2,

3) B R R R A TREE 27 > R 4 B 26 1
BRIy ;

4)FRHEZ(6) THEAL S I I I 24 B R A4
R RECL,,;

5) FIFHBEHLES EE T R AR S B T 3T

6) EEAIE3)—S5) , HELE RIS,

ERL B HE SRR EE NG | P 5R

Bl Bk
A N
WERIEQ ; g (e
A
KL, B

1

FATIEK

K2 FkimiE
Fig.2  Algorithm flow chart

2) Hlgrd FI ok, wl eI R 58 T A 1 1 5k
[AIRCE AR Q BTH5, AT i el b iz S ]

3 KIS

N T S AS SO A K A S LA T
EAE Cityscapes ( Cordts %5 ,2016 ) Fil PASCAL VOC
2012 ( pattern analysis, statistical modeling and compu-
tational learning visual object classes) ( Everingham
85,2012) M ECRAR R I, OF 5 Y T e
VEIEAT IR, SEBR SRR, AR SCBVATE Cityscapes
FI PASCAL VOC 2012 P Hdi 4R B33k 2 T fe
ROR

TG ERAE RS R CentosT , T {4 1L & Ky
NVIDIA RTX 2080Ti GPU Hl Intel (R) Core (TM ) i7-
6850 CPU, A SCH LI R HIF R IEF N Py-
thon3. 7. 6, 5 F I U5 /Y T. 248 Pytorchl. 5.0, KM
AL BREL SGD ( stochastic gradient descent ) #E47/MiE
g R e (1o B )

L E, o NIIGEACIE, E N 1AL
SR BB AL AR B FAARE A K - B i 7 XA T e 1
58 LS AL AR Y PERE

ASCH R H 2 T ImageNet | 1 ResNet
(residual network ) Tl 25 W &5 A5 AU ( He 4¢,2016) ,
Jffi FH DeepLab v3 4 R K& o B B2 W 4%, -7
ZRM R BLR E AT R SR B3R L R e TR 2y
PRI A SO A B A S
3.1 EMiREREES

K - #938 FF bt ( mean intersection over union,
mloU ) 1 N1 SCAr I P A, H 5

mIoU:%; s +}]Ij v (8)

K, ip FoRHE—FN T IE# B IEREA LR p
FRFIRIEREAR P REE R fn R DR I TR
IISEEER XS A 2N MBI LSR8 B P2 58
-t mloU,

SRS TUER T AN 3 BB AE Cityscapes 1 PAS-
CAL VOC 2012 Wik i~ 3 589 1L

Cityscapes 465 H T8 o3 BT 55 1% 8K
frde P&k A 50 MRS 5 000 e & B AR R
RS AARTE AT S A 20 000 T LI bR 7 A0 (115, IF
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BAEBIEG hAr e R Y | H AR R KR
— BRI S, I 3 B, B IR R
OYHEREA 1024 x 2 048 18 % 4R 35 A28 H
W19 ZRHTFE A EITEAS , SEER R AT S 000 18
PR E M EIR . PASCAL VOC 2012 % 4 3 %
EESE B AR R AT o0, AR BRSO 2 5, 3
1810 582 Mg &M%, ¥ S 20 A RTEEXF LA 1 A1
R

3 Cityscapes 47# 7~ i &l

Fig.3 Cityscapes segmentation example diagram

3.2 55ZEMEHIEEXE

A SCGE RG] E Ak 24 A0 5 b ) 1
NSCAE BT, ) 2 R S AR v A
(LA 450 — Btk . AR SCEE T BIREE s S se
TG SR W e S IR A R R
EEIRIE s IR/, 2T ResNet101 28573 H] R
FESA TR LS X L T 58 3T (mloU) Az 17
BfE] (time ) ,EEZEL A, R 0. 01, SCIRZE RN 1
o WUEH BEEHIRE s I 58 K, BERIAL
RAFRNPET:, 2 s HEKH] 10 ZJ5, kS K s XF
BAIR R A AOCR C & T, R BEE s A3
K, U G iR BT 15 0 Sy~ 552 56 G 85 A1 g

*1 FANEFEEARDERENTFHZIELMIEITRIE
Table 1 The mloU and time by proposed algorithm with

different segmentation scales

I3 HIRE mloU/% E1 T E/ R
6 77.3 20.0
8 77.6 25.9
10 71.7 36.7
12 71.7 65.4

TE L AR 25 B 2 2R

K RS s B2 5GH 10, R R bR EIHR
SEH 435 100 AT G,

Shy itk — 25 B UE AR SOOIk A B AR SO
5 BERE SRS A TSR XT L, 5 A [ ) 24 SR
A, MEESE XTI 1 W0 52 i T 28 50 1
GHT, SEER AR ANGR 2 s, WA B IE L
LU G R o R B R TR R R
A, BUETE[0,0.001 ] B, B HUAE BE B AR 5, A, =
0. 001 A A5 BUOKG BE fe =5 A, BRU(ELAE [ 0. 001, 0. 01 ]
Bb BETRORG B 3% AL B EAB L T B L2654, >
0.01 B BN B R T BRI H R S5 T3 22 M
% WMSHN, BiEHIFE[0,0.01 ], HL0. 001 A,
BRI e A, BF Xk — S 45 5, ARG X
— B SRR 2B () N AE4E B (intrinsic dimen-
sion ) A &, XY I 5 AT AL A A i A B8 ) R T
RA A8 2 i HH 25 SR 1 U TR B, T 3 10 0 4 %
RIS H N TEZE 1Y) 25 5 2 X HB S 80 e B i —
SO, YR AR 4 B A 22 ORI ok iR TR IR 2y
TS NP (18 I 265 R i B R ), I B 7 260/ N U
LRI, RIS/ A, 2 IR8K . 55 22 M
LA, SRR IE IE WAL 24 R B 19 miloU H = A
78. 0% , 78X X145 4 Y 4 B BN 5 | A A5
MRS T AL R RS 1 0.5% .

*2 AXEESEMBERMELERENETH mloU 33tk
Table 2 Comparison of mloU by bone network and

our algorithm among different weights

WiReS FEAH P 45 A, mloU/%
EEaCES ResNet101 0 71.5
A3 ResNet101 0.000 1 77.6
A ResNet101 0. 001 78.0
AL ResNet101 0.01 77.7
AL ResNet101 0.1 77. 4

T LT A R g 2R

3.3 ResNet50 71 ResNet101 &&= 4k 0I5

R BAIEA SO B A FEAS [ 4R 4y
HLL ResNetS0 1 ResNet101 Sy (4% , 55 B 42 W 4%
BoneNet ( bone network ) #E47XF HE 3256 | 25 40k 3
o TUUE 5 R E 2R 00 7 B 25 RAH LG, A
SCHIRAE Cityscapes %045 % I DL ResNet50 F1 Res-
Net101 b FE il ¥ 45 1) mloU 43 B 42 7+ T 0.3% Al
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BiRA, REE, =i§, #%, BER= /

A IENAE LSRRV ENGIE X 53 &)

0.5% ,7E PASCAL VOC 2012 %t##4E I LA ResNet50
F1 ResNet101 R 5ERl P25 1) mloU 23504 FH T 0. 8%
M2.1% , W sEg s el Uk B, 535 5D
(1) ResNetSO I £ AH Lt , A< SCHE H (14 I 1F ) 24 S50
£ ResNet101 B 42 [ 45 I (0RS BE 46 TH i B o &2 | i
PRLLE T I 1 0 Ak = X R S5 ARk i R e 24
SRAE PR 70 2 0 i T R ) IO 2% A 7R v i
PR AL IR .

®3 ANEESHRERNEEREEEEM
A E)EAL M 2% LY mIoU X Eb
Table 3 Comparison of mloU with different base networks
between BoneNet and our algorithm on different datasets
/%

Cityscapes PASCAL VOC 2012
Bk
ResNet50 ResNetl01 ResNet50 ResNetl01
R dCES 77.0 77.5 67. 1 67.4
AL 77.3 78.0 67.9 69.5

TE IR R R R 4 5 B A2

3.4 BMOEEREATRUL

RS UEE IE A 24 TR A 5 U335t
L5 52, X Cityscapes B4 & B A B0 A9 1
NG AE LA ResNet101 Ay 8 Atk () - 28 ) 2% FITAS SC
S AT BRI PR SRR L G R AR 4 TR

N 4 AT DL I, A SCRE X R 2 B0 SR
AEBEA e i 7, F 2R A . 1) SR E 1E W)
AR UG R oy BIGEESIN T EHRS F ik fe b
) R SCFE B o SRR 27 o) i F O R PR
TRAERAE . 52) R A SR A5 R AE I A H
PrisZ [ OR T B 22 YA TR 254, (A5 H AR R
TN J5E d PR A5 v 1) TUART TR 28553 ) 38 ok 5 o 24 7
T4 TR ST RE D DAk TR RE

ASCHR H BT IE AL 2 SR G S5 B
TEFE SR TE Cityscapes 206 4E T 1Y 43 B &R U0
N NG N N OB N E R 7 U
PRI i R 8 XA AR B X, %o B &R 43R AN
[ R bR, JFXEEE 4 AT RI%8 5 47 B 401 5
SREAT T ORI R . AT AR B, A SOOI ARG B 3
BHMEA T EKRIET, 7T LA IE—2E 535328 1),
B UATRINATIEFNE 3 7T, X ARBRICH 553
TN, 20 R 0 i B, TSRS 2 A7 Y T8 %
B ARTERRUE ST FI R P R #EATFRIC , (H 2 38 3 48 3C

F4 BWEENKHLWHEEI LR
Table 4 Comparison of experimental accuracy of
model semantic categories
/%

51 AL 4% AR SR
B % 97.9 98.0
NG 83.6 84.2
=) 92.3 92.3
Ik RE 53.5 54.9
F5l =3 59.6 61.1
F 62. 4 63.3
SELT 67.8 69. 4
SEIAR 76.5 77.8
) 92.4 92.5
R 62.9 64. 4
Kas 95.0 94.8
A 81.3 81.7
Bt 63.3 63.6
N 94.8 94.9
% 81.7 81.0
e+ 87.5 87.2
BH 76.3 76.5
FEFL 2 67.5 67.7
HAT% 76.1 76.3
R 77.5 78.0

T I PR R % 5 R L4 2R

FRKIBIAS T RAFROR, /0 25 E 0 H il 47
JE PR 2SR FH TR 1E AL 24 50 RS o B B A3 T
Jrrt A B BRI, AT LAR R R i R SOl B
172 2] TR A BEFIR 3R s 43 20 AT DAARAS 5
PSR . S0, R B A SCA 1 mT LA 5 )= 3
AEH AR 7 TS A, 2R 4 4TS S AT iy,
B 5 AT S5 401 {5 B IhAmic ok, Rk
AR SCAZD T B 5> B B P AR IR 25 R i 43 2
ARG A (5 B BB ROR,, 25 BT,
AR SCRETCIe R UG it e XA Bl i 2
X SRl A B A 1 XA RS A B 4 E R Y
T —EE A ) s

R T i A A SR B A R 7E PASCAL
VOC 2012 $ida e bt A7k, 45 R il 5 fisk 3 fr
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N AJLLE A SCEAE PASCAL VOC 2012 %4 SE SR, A SO D TR IR A A,
%LE@%F@%ES&%% 57 Cityscapes 304 [ 1) K]s%ﬁl 2 4 ATHTR I H 2 50 S A i 2 N

b
By mem men
SRS SRS g
i ik
R 5 5 &

(a) Jstile (b) FrifEsrFlIEl (c) HARALZE Sy & (d) ARSI
B4 ASCELSERMETE Cityscapes £ 4 1953 RIZRXT L

Fig.4 Comparison of segmentation results between backbone network and ours on Cityscapes dataset

((a) original images; (b) ground truth; (c¢) segmentation results by backbone network; (d) segmentation results by ours)

(a) JRAGIE (b) b EIIE (OF:g Ul (d) AR BIE
Bl 5 A5 EIRMZTE PASCAL VOC 2012 BURAE I 1942138085

Fig.5 Comparison of segmentation results between backbone network and ours on PASCAL VOC 2012 dataset

((a) original images; (b) ground truth; (c¢) segmentation results by backbone network; (d) segmentation results by ours)
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BiRA, REE, =i§, #%, BER= /

A IENAE LSRRV ENGIE X 53 &)

TN 5 55 3 AT NS 4 AT R, ik AR (R B
£ FRSES  NGIE B T8R0T DL R A R A F Y
KGEE WAE] T3 B RAFZ A RIS
BT Z AR BN %5, B — 2 9
{FAXIE
3.5 S5E#HEFRERNX LR

WA SCRVAAE Cityscapes il PASCAL VOC 2012
Bl b5 H AT e g s AR ) H A

T Cityscapes 04 48 I, XJ L )75 A FCN 8s
(Long % ,2015) . DeepLab-V2 ( Chen %,2018) | Re-
fineNet ( Lin 4§,2017) . SSED ( semantic segmentation
of encoder-decoder structure ) ( 5 2 2 45 2020) .
HarDNet ( harmonic DenseNet ) ( Chao %%, 2019 ) #
DUC ( dense upsampling convolution ) ( Wang 5§,
2018a) , 45 R ank 5 Pron, W LLAE ), 78 504 4
Cityscapes I, R UYL (RS BE#E FCN 8s S5 LAl 52
AT B E#RT, I HAL T DeeplLab-V2  RefineNet .
SSED ,HarDNet #1 DUC 455 HEAS A

R5 AEEBITE Cityscapes EIEE _FRY#E [ SCIE T EE
Table 5 Comparison of accuracy experiments of
different models on Cityscapes dataset

/%

A mloU
FCN 8s( Long 45 ,2015) 65.3
Deeplab-V2 ( Chen % ,2018) 70. 4
RefineNet( Lin % ,2017) 73.6
SSED (22 45 ,2020) 74. 1
HarDNet ( Chao % ,2019) 75.9
DUC( Wang 45 ,2018a) 77.6
A 78.0

L AR R Bt g 5

7E PASCAL VOC 2012 #t#li4E I, 5 SegNet
( Badrinarayanan %§,2017) .FCN 8s( Long 5%,2015) .
Hypercolumn ( Hariharan %% ,2015) fl ESPNetv2 ( effi-
cient spatial pyramid network v2) ( Mehta 55,2019 ) 4§
JrkdE AT R b, A5 Rk 6 Fros, FILLE M, 7E
PASCAL VOC 2012 ¥tflade I, AR SCRIE R AL T
SegNet .FCN 8s Hypercolumn F1 ESPNetv2 27

I LB PSR SR v LU Y AR SO
MTZMAFG S IS TSR e

* 6 AEHEEZ PASCAL VOC 2012 #iE&
LR E KL X b
Table 6 Comparison of accuracy experiments of
different models on PASCAL VOC 2012 dataset
/%

BT mloU
SegNet ( Badrinarayanan %5 2017 ) 59.9
FCN 8s( Long 2§ ,2015) 62.2
Hypercolumn ( Hariharan %5 ,2015) 62. 6
ESPNetv2 ( Mehta 45 ,2019) 68.0
AL 69.5

L9 1RSI

EAEBET BRy Wo TRE, FEEA  H ER 1 i 2
G, RS A5 R R A SCRETE R
IF S S /RS R0 N A A R

4 & it

AR SCHE G — AT 1E WAk 24 B RS S
Sk B i A MG S 00 25 A AR 4R 7 25 8]
FELEAH R LT 2540 LA SEAE S 29 3 A2 X 45 1 3
o AR AR AR ] ) R SCfE B, AETE R AR L KRR
TEFE BTN 5 AAT ] 4 23 AR P A BN 5 A i
T S T EUR S E M R 2 S R IR I OC &R
SEHR A REW] A SCRE A RO HAE T AN
(B 2RI 245 | 0 FLAE S 800 T R I 45 R | R R
BRI 7E Cityscapes Fll PASCAL VOC 2012 Fi4
PG oy BEE B 100 20 30 1k RE 35 0 1 H A A
B RS ARSCREIEAG A TACE RE A, ForEIR
FE s VERESE L IE T —2 TR KR 45
SHRF BB Z MR R I T AR G )
HoAth AR, W% 5 B A B4, E— 2tk
(=R
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