LRGN ISSN 1003-3254, CODEN CSAOBN E-mail: csa@iscas.ac.cn
Computer Systems & Applications,2023,32(3):58—69 [doi: 10.15888/j.cnki.csa.009008] http://www.c-s-a.org.cn
O E RGBT TR . Tel: +86-10-62661041

— = . .
% RE M B ER & R R ESRE X 78I
WO, BROR, R

MR TSNS KHHE 22 AR 24 B, 471 350108)

ARMIK 2 B 5 Gt 2B, 4R M 350108)

WEEH: B K, E-mail: chenfei3 14@fzu.edu.cn

O AERBRRCRED T, BB —E KM E R, X E SR BUR S g 1, E i+ 015
SOy EMESS. DA T BB A8 SCAR7 VR, ORI S 228 733 TR ST AT, I i s %s S EUAE L AT
S RRTE AR R, TSI BIESS. N T EPUZ IR R, 3R T — i 22 RUBEZE Bir BORF fIE Rl &5 10 5 1 L5 S 00 )
AR 825, I 7 0 4 mh 25 B B frn 20 LA IS DA AR 2% PR B4R B R s IR AT A2 L. S e B
(R 73 ) g e, IR AR (7] 23 R0 25 MR AT 55, 1E 110 470 8 B HE AR 15 SURFAE. 7E PASCAL VOC 2012 1 Cityscapes 245
£ BT 7w VPG, SR A AR, FEAN FDTZE MR T T, BUAUK IR IS 1B ) 4y B A

KBEIR): 15 Lo H; BUR L0, U RMESS RRAER S V= UL

5] g = EPH‘JKE%,ﬁe‘u'”F‘JJE‘ﬁ.%)'ﬂfg5BJ'I\&%?E%EE%B‘J%”57‘%%[@'iﬁjiﬁj\%ﬂ.ﬁﬁm%?ﬁﬁfﬂ,2023,32(3):58769. http://www.c-s-a.org.cn/1003-
3254/9008.html

Semantic Segmentation of Noisy Images with Multi-scale and Multi-stage Feature Fusion
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'(College of Computer and Data Science/College of Software, Fuzhou University, Fuzhou 350108, China)
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Abstract: In the process of image acquisition, the image often contains certain noise information, which will destroy the
texture structure of the image and thus interfere with semantic segmentation tasks. Most of the existing semantic
segmentation methods based on noisy images adopt models featuring first deneising and then segmentation. However,
they often lead to the loss of semantic information in denoising tasks, which thus affects segmentation tasks. To solve this
problem, this study proposes a multi-scale and multi-stage featur_e.“ fusion method for semantic segmentation of noisy
images, which uses the high-level semantic information and low-level image information of each stage in the backbone
network to enhance the semantic information of target contours. By constructing a staged collaborative segmentation
denoising block, collaborative segmentation and denoising tasks are iterated, and then more accurate semantic features are
captured. In addition,‘ quan’titétive evaluation is carried out on PASCAL VOC 2012 and Cityscapes datasets. The
experimental results show that the model still achieves positive segmentation results under the noise interference of
different variances.
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(Rl I, 20 A il o 58 O 458 2% (cross entropy
loss)s LA mIoU 5% (mlIoU loss) 13 FIKTE & 38 X
TR LK 2 2J 18 Xy BRI B AR 2 4, 28 SO ok
Ls N (7) Fizs:

)4
Ls, == ) loei(5) ™)
i=1

Horb, pRoR— kB R R ECE, yr R 18 Rl ground
truth 285, o)X RBRIFIBERM . mloU ik
Ls, 95 (8) FivR:
~ IXNY|

IXI+1Y|-1XNY]
Horp, XRR TN R R &, Y K7 ground truth ()15
RES REZT IR RL AR (9)PUR:

Ls = Ls, -:Lg2 ©)

Lg, =

34 BERRE

B 1RO T TR R g S R I 20 R 1 ok
T I X 2 R E M BURRAE, T AT S A B
SSM R RV EIGE R, BG4 id £ K SCSDB, %%
PR EI G5 R G, 19 B A 3145 5. O T4k
ZME R TR ERy 55—k SCSDB H1f)%
MRS H AT H o SR 38 7 ZE 40 . T S (45 % bR K feE
IRE R HUR. BERE IS 1 s,

6) B, KL B BRI By, 5 1% By SRIG DT 240K, Kl oy
F G R 5y IR R & 2 SURBUR, I BV RAE TR S 4

(8)

%1, YIZENISNet

N B R, T Ry, 2 EIERRE
i rEIg R

1) H 75 BN B 3T 0 25 ResNet S0, $EHLE I BEIRAFAE Stage, —

Stagey; -

2) ¥4 3 W 4% Stage, £ 1) REAE P N U0 75 ) SEERDAM
o, BHALKRFAE, i A5 0 1 25 e

3) fEHSCSDB, H, LAMES BZ N EHR, 5 3 T 946 Stages
FRIVRAE B 30 HI20 2p T 56 2 1B 9 I BERDMI A B A5 B, 72/
T B, B SSGDMRH, Jilid i . B RS IR e 1
15, BE ZHr BOARAE, s = 20 SUE BTE XK, DU £ 55
AR, A2 R 25 R &y, 38 1 SCSDBH ) 73 F b
SSM, R & [ BURFEAN 25 BRAFAE, 201 BB K A5 B, e £id X
FIERIIB, A OB I FI 45 Rz, SEEE — IRSCSDBIAA.

4) FEHSCSDB, ', AL IRIERAE, K T W 4 Stage, A2 AR IKHEAE B
P15 5y BN R R DM 4 B (5 8, 181 L kDM G
2 P ) AL [y , S 7 BB S SM 2 A FGH A 70 11 45 2Rz,
SER2IRSCSDBIEA.

5) KB BUVE ) 9> T2 Rz 2023 HEAT BN, 2E 2 B BURR AR 5 (13 X
SR,
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4 LI
4.1 LIYATS

TEATH, EEA/HEIEM SIS . /£ PASCAL
VOC 2012 B Bdii 4 b, 445 4 369 Tk R, Ho, 5
1 464 5K MG H T4k, 1 449 K -E T304, 1 456
PR T U I B 1 AR 20 AR K
SR A T 19 8 240 S PR ) e
IBAE Cityscapes® Hoim e 7T T S0 Cityscapes %
AT 5 000 Bk AE PR B h 2 1 5 B0 R, A
2 975KIZAE (5, 500 3K BRI AL, 1 525 3Kk
LML, BA 19 NN RS LG FZ .

7ES2H, y PASCAL VOC 2012 $#5 8/ City-
scapes ZHRAERENLA N 7 AR HEZE TSR [0, 307 B i
e 7E, I8 H ResNet50 1E 43T M %, RISt £,
B BT A B R 3BT 9 480480 1F A 48 5 N 7 S26
ERE A, 23 AP AT M 2% ) Stage, « Stage; A [ Stage,
HIE B B, KB HAE N SSGDM % N. Batch_size 1%
N4, itk 3 H SGD, % 2] R H & A Warmup,
momentum 4 0.09. 243/IlZk PASCAL VOC 2012 ¥4
I}, epoch 29 50, HJAAH 2 21 %4 0.000 1. 242k City-
scapes &, epoch S 120, #I4f E‘J%Z £ 0.01.

42 VPHER - "

B 5 S 0 DM B £ 7 4958 364 (mean
ifteMcctiomover union, mloU) LA S AG Z HE BE (pixel
acc’ur‘acy, PixAcc) 1EATEA bR, Hoi, PixAce B HI
SEFRCIERIE R 5 MR R AT, mIoU™ J&1E S5y #)
HIbRUHESERR, KR MEG RIS L, AT

].c P;;
PixAcc = —=4=0 (10)

Zf:o Zi:o Pij

k

P
k1= ZIJLOPU+ZI;=OPJ','—P,',‘
Horr, kR ENBL, P RoR 5 8 T SR Tt Sy 2
FEEEE, PN IR ERI G R R,
Kl 5 45 Hi T NISNet f227E PASCAL VOC 2012
Ko R BRI G R il 4, PR AR LR A O ek BORT
IE4E mloU ¥ FR RN ZR. [ 5(a) FivR, S2 it K iR 4

mloU = (11)
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BE% epoch HIZZ AL BH 28, B AL KR AIEARIREL epochs, Fh
A bR NI RIS A epoch HSPEHR 2. B 5(b) o, &
PEHIFEAR mloU B3 epoch FIARAL H 28, PhAR bR AR IR

1% epoch I (747 HUHTE R AF 4 | IR . 7 LA 41,
% epoch HIHEK:, 451K B HOR 4 T SIUIRAS, ¥
Hb mloU HLE T8, YT 25 o 7

0.8

181+ — var_10 [ —var_10
: — var 20 —var 20
1.6 F var_30 0.7 var 30
14+ 0.6
E 1.2+ E 0.5
10} £
04+
0.8
0.6 0.3
04t . . . . . 0.2 3 . . . . .
0 10 20 30 40 50 0 10 \ ‘\ 20 30 40 50
Epochs ’ A “ Epochs
() Train_loss ) (b) Validation_mloU
"
Els JIZRid fE il 2 K
— ~
4.3 HRRSEE i

A 38 NISNeU B SIz88, 1425 B
() B o B . AR R T P B 25079 25 19 PASCAL
VOC 2012 a5 FHEAT— R P RSLE.

I FE 4 50 0 25 Mg AR L B [0 £ 7 08— 2B 44k 18 X
FFAIE, SSGDM A5 1F 7 25 M 73 B HURFAE R & (1 7%
O TR WL 1 PR, H Stageysgn Stage,g
Stagegy 57 MARTEMRG I BHIBIEHCH 256, 128 BL )
64 iR 5 — 2B )25 51N SSGDM .

# 1 KT SSGDM HITHRIEE, FrifEiEo N 25

Stage,sg Stageog Stageg, mloU PixAcc
R 74.9 94.2
v \ 75.5 93.7
v \ v 75.7 94.9

MR 1 o] DLAR H, 230l 7 25 e X 26 (1) — ) i
T B G SSGDM, 43 BIRE 1 ST W& 6 Jit— 15
XL T AN E B B R SSGDM 14> EIRURE, AT ULE
Hi SSGDM FLIEAR YA 2 Yeh, AL B2 2%,
T HL H BR%E BE 7 EAS 76 3 £ 25 M8 X 2% 1 8% i i
M B # M. F SSGDM B, BT LA g b 5% kI 7 2 Mt 72
H RIS B R, 198 H bR XS UG B, AR
T+ 7 BIER.

NISNet i it SCSDB S 7 #1518 iy [5] T AF,
PLEAHIIE 24000 SURHIE. Sii8 25 R ansk 2 pok.

WRHEZR 2 A] %0, SCSDB R %A 1 Ik, PixAcc/mloU
k%) 94.1/74.5, T SCSDB %A% 3 ¥k, mloU i F %
1.2. 24 SCSDB 4K 2 I}, K ik x5, 4 94.9/75.7.

(a) Noise image
K6 AFEMEA#FH SSGDM J7ik 1) 4 # 45 Boxt LI
# 2 KT SCSDB IWiHahsLis, dadt ZEo N 25

(b) GT

(¢) SSGDMx1 (d) SSGDMx2 (¢) SSGDMx3

Jivk mloU ‘:,‘.‘ : . PixAcc
SCSDBx1 \ 745 941
SCSDBx24 75.7 94.9
S@spBx3 ©  © 733 942

\
<9 7 BV ML R SCSDB [ 1A% UKk 431
SERIsm, 8 7 45T oy E S S ET PR K g AT
DAE i, 24 SCSDB HIkAR— I, M7 (5 Bk %A B
IRUFHOFD ], BEIR T8 A IE UE B, I3 H A
FHIE 2 ) B ER IR . 24 SCSDB 34X 3 YR, 78 2 1
MR, RER T2 HE UE R, SR E AR X R A
SERE. R 3 ATEME AT LUE B, Y SCSDB iE AR IR,
BEAY BEAF A0 1) 25 e R, AT SRR R il 1) R
YAB R, 14155 B X 383 S5 b, B8 T ground truth.
4.4 XJEESKIE
T KRR A R RS R, E PASCAL
VOC 2012 ¥4l 4E 1 Cityscapes ¥4 b5 H A sk
FAHE: S 473 D) % ey g BB X BN 46335 4T T — &
F %o LS 56 BT A S b vk 8 SR A T ) K S gk AT
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WZR5 M.

T J61E PASCAL VOC 2012 ¥da4E b5 H T —1t
St BE S B N 48 AT 8 B R, BT R s AR
A S Be 24, K 3 IR T 42 1) NISNet #5284 Al H A
B BT EIUREEE. N 3 W LUE W, 76 Bl
F e 7 G EAT I SR, K BE R EAS T BLAS R A () 3K
R, RS 45 DANet fEAR#EZE 10, 20, 30 HI%#E
e, He Pixdce/mloU K FEAAGE R 91.3/75.9. 90.5/74.4.
89.8/72.3. 1M1 H. % ASPP [¥] DeepLabv3 AR E AR
N, RN 86.4/71.0. 85.9/70.1. 86.2/64.7, X & H
TS B S IR T BRI TE SURHIE, TS BUR
B TR SCREROTE A S A (003 S, T DA A 1y

I R 2%, B ASBERUIS B2 4T 1) 70 BIRCR . T HL, i ix st
o 2 X A [ o 4 2 W 75 TR AR AT AR I, 24 M 75 o e
FERRGR, 7 FIRG LA, T4 K NISNet B8, 754 i
N 10+ 20 LUK 30 fIM S IR ATHUS T iR LIITERE.

A \

(a) Noise image (b; GT

(c) SCSDB¥1 (d) SCSDBx2 (e) SCSDBx3

797 \SCSDBH NI A KO 0 43 5L

%3 PASCAL VOC 2012 #4818 3 4y %45 5

o FCN16s PSPNet DeepLabv3 PSANet DANet DenseASPP NISNet (ours)
10 86.2/61.2 89.3/74.1 86.4/71.0 84.5/69.5 91.3/75.9 91.6/74.6 94.0/78.1
20 84.3/58.0 90.2/73.5 g | 85.9/70.1 84.3/69.1 90.5/74.4 92.7/72.9 93.3/77.4
30 81.9/54.1 87.3/71.8 86.2/64.7 84.3/68.5 89.8/72.3 89.1/70.3 92.1/74.9

/4R A B 5 R PixdcctmloUs N 7K N el g8 .

N T BB ARAIE SIS, DR o S i N 4%
N T Wi, 5] N, 515 o #IHudE 17
FRIPOER:, AR L B0 H B, 5 2 TR
XPEG. T 4 45T — RINTEM o EIREE. 3 4 T LA
B, i RS, RS R T — 2 T A
bl T S R, A 2 g R 3EAT B AL I 2R 1) DANet,
TEFRHEZE N 10, 20, 30 RS H, I mloU 127+ T
0.7. 1.0, 1.0, %] 76.6. 75.4. 73.3, [} DenseASPP
KB T 7534 73.3% 71.2 (1 mloU. {H 2 1E FIr A e 75 A
T, $2 H Y NISNet AEAUTIIR 05 TIX B 2%, PixAce/

mloU iEF| T 94.0/78.1+ 93.3/77.4. 92.1/74.9: ikt T

DANet B8 $2FF 7 2.7/1.5. 1.6/2.05 2.9/1.65 1X 5t —
AMRFTAR AR T EL, B 7 89, NISNet Kz
UG IR A R, % ) 512 DMS
JiRHHT TSI, TR MR K T S 518
O EIMF S5 HEAT 254 I 2% 4 A 5] bR o4 1 e 75 1R 4%
i, DMS ] PixAcc/mloU i5% 92.6/76.9. 93.7/76.2+
89.5/74.1, #HLLT DANet, FEH#TH T 1.3/0.3. 2.0/0.8+

0.3/0.8. AT LA L, FELT e M8 J5 7 B BB AL, By
I7] 73 2 M A TR B LA Dbl k. BV, $i2 Hh ¥ NISNet
LI 2> BRS04 56 T DMSS, mloU fEHRE 1 10,
20, 30 MRS L, 4R 7 120 1.2, 0.8, LA BLE
tH NISNet F5L 8 () o 3L A8 A

AT AWML 4 TR IR, K 8 s T
7E 1o 716 75 A 22 9 20 9 PASCAL 'VOC 2012 ¥
G bR th B0 77 VS SO O I s T L R A
8(c)- N8 (e) MPLLGH, e LR ISR, i X4 )
R AN, b 9 e R R, LU H b
(KU FAKE AT, B 8(F) S7n T DMS 45 R,
1R R B IR RS B T o [ O, (R R T XK
AR R ). B 8(g) E7n T NISNet ## fy 4%
R, AL Y, TR 2 R R/ B AR, #AER
G HHEAT 0 . T, A 4 4TRSS 5 AT R T DA
NISNet HALLE H brifs 7+ LIA S T 034 (387t (AL, $2
HHFKY NTSNet 152 71 L H A 25 158 J5 530 S #R TR A 29¢
HARH.

Fa4 BB EEBIHREINLE PASCAL VOC 2012 R4 1115 4245 5

o Deno.+DeepLabv3 Deno.+DenseASPP Deno.+DANet DMS NISNet (ours)
10 84.9/71.7 94.2/75.3 91.3/76.6 92.6/76.9 94.0/78.1
20 86.2/70.3 90.0/73.3 91.7/75.4 93.7/76.2 93.3/77.4
30 83.9/67.8 88.4/71.2 89.2/73.3 89.5/74.1 92.1/74.9

TE: #4350y B R PixAce/mloU; Deno 37 25 Mg, *+% 7R F3 M43 B i) 83 RT3k I - A oh B 4 .
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(a) Input image

%

(b) Ground truth  (c) Deno.+DeepLabv3 (d) Deno.+DenseASPP  (e) Deno.+DANet

(f) DMS (g) NISNet (ours)

K 8 fEMEF Ko =201 PASCAL VOC 2012 $di4E b2 %45 R IK

N7 PR IR B AL )G U, #E Cityscapes %X
P 4E b5 HARTE U BN T T e R, ks
Fi7R. TESe 20 5 73 B 1 224, DANet {5EUS T Bclr
HIRS E, PixAce/mloU 15 % 92.3/67.9. 91.7/66.5. 88.3/
64.8, T b ] 53 #1] & AR 7 DMS 1A F] 92.7/69.8 92.9/

68.1. 90.9/66.8 FIAHFE, AT LA B, ¥ [FAF 55 155 AL LL o
FCAE TR 20 B A T AR LB HA 1) NISNet HIFS FE L
DMS ® BA Bk, A T DMS, PixAcc/mloU $&F+
T 1.4/2.4. 0.6/2.3. 2.0/2.1. £ E 7R, NISNet A fig
g EC R H AR S X3, ﬁﬂ%ﬁ?ﬁﬁﬁ@ﬁ%ﬁé

RS BAEMBEYU ML Cityscapes BB S 15 L5 #1145

o Deno.+DeepLabv3 Deno.+DenseASPP Deno.+DANet DMS NISNet (ours)
10 92.2/68.6 92.2/67.7 92.3/67.9 92.7/69.8 94.1/72.2
20 91.3/66.1 91.4/64.4 91.7/66.5 92.9/68.1 93.5/70.4
30 88.6/62.7 88.2/61.9 _88.3/64.8 90.9/66.8 92.9/68.9

T R IR Y BIGE BPixAce/mIoU; Deno. 7% 2 e, *+% 32 7R 2 et 43 1) F R JBE 25 MR 4 Bl 45 2.

5 divERYE y !

T RUR R T S FRER AN BE AR AT Ml P e
(% B X 350 SORS S MR, 32 10 T 2 R 2 I B
A Rl (075 T BEURAE S 810 0570, 051 RH T B
BOPE 2> B A5 e (SSGDM), 154> 455 AT {2
HE R AT 55, DRAME S MRERAT o 5 S5 XAE B IR,
T T 2 v A 7 VR (9 2 B BEE . 7E CHEAIE b, FR R
9 265 AN [ B B 44 R ()RR AIE [X 31, ) i 5 B B [
(1) 5y ) e HL (SCSDB), i 15L& 2 By BB SUFF
fiE, AE A3 45 56 SGTE T H bR XIS SUE B, PRARIE =
X S BIROR FH. [RI, 78 A TR 3R 4E PASCAL
VOC 2012 Fl Cityscapes #EAT T 5 E, X bt HARE L4

HJTI, B 053573 AR AN [R] M 7 AT (e 7 B AR
ERAS T BRI FIRS L, AR T R A AT

SR, S o x5 A W P ) PR A st it AT 20 147
IRFE N AT PR R ) L DU R SR L i 2
BRI 70 10 32 45 A0 2 7 BEE — 2D R Y ) AL
FEARR A AR o, A 3k — D WF 5T 25 e A o3 1 2 T8 9 B
I, B i e B R 0 B SETERE.

SE 30k
1 Zhao HS, Zhang Y, Liu S, et al. PSANet: Point-wise spatial
attention network for scene parsing. Proceedings of the 15th

European Conference on Computer Vision. Munich:
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