wfﬁ-’ffh?f*l'?

COMPUTER SCIENCE

BEF SN SEEBEMNHEECEIRIESE
EE.”J %lu\%

5IAEX

EEN, EER. EFTEENNHISEESHETUNEEMEGIENSEIN]. HENRE 2024, 51(6A):
230300204-8.

WANG Guogang, DONG Zhihao. Lightweight Image Semantic Segmentation Based on Attention
Mechanism and Densely AdjacentPrediction [J]. Computer Science, 2024, 51(6A): 230300204-8.

BUXEEE (BERXINE IE JEREENE)

Similar articles recommended (Please use Firefox or IE to view the article)

E AP ZAl B A/ D RN AR R AIGIE

Study and Verification on Few-shot Evaluation Methods for Al-based Quality Inspection in Production
Lines

HENRIE, 2024, 51(6A): 230700086-8. https://doi.org/10.11896/jsjkx.230700086

ETFSAMNV3RGRENHAE BE RIS 5%
Intelligent Fault Diagnosis Method for Rolling Bearing Based on SAMNV3
IHEHEIE, 2024, 51(6A): 230700167-6. https://doi.org/10.11896/jsjkx.230700167

EFBERTHICNNHEMARRMANFIHRE B KT5E
Literature Classification of Individual Reports of Adverse Drug Reactions Based on BERT and CNN

HENRIE, 2024, 51(6A): 230400049-6. https://doi.org/10.11896/jsjkx.230400049

ETFLSTMALERE DS RIRESS TR
Forecasting Teleconsultation Demand Based on LSTM and Attention Mechanism

HENRIE, 2024, 51(6A): 230800119-7. https://doi.org/10.11896/jsjkx.230800119

DUWe: siZSRAAER AT EE We b BRI RO RL
DUWe:Dynamic Unknown Word Embedding Approach for Web Anomaly Detection
HEHEIE, 2024, 51(6A): 230300191-5. https://doi.org/10.11896/jsjkx.230300191


https://www.jsjkx.com/CN/10.11896/jsjkx.230300204
https://www.jsjkx.com/EN/10.11896/jsjkx.230300204
https://www.jsjkx.com/CN/10.11896/jsjkx.230700086
https://doi.org/10.11896/jsjkx.230700086
https://www.jsjkx.com/CN/10.11896/jsjkx.230700167
https://doi.org/10.11896/jsjkx.230700167
https://www.jsjkx.com/CN/10.11896/jsjkx.230400049
https://doi.org/10.11896/jsjkx.230400049
https://www.jsjkx.com/CN/10.11896/jsjkx.230800119
https://doi.org/10.11896/jsjkx.230800119
https://www.jsjkx.com/CN/10.11896/jsjkx.230300191
https://doi.org/10.11896/jsjkx.230300191

http: /www. jsjkx. com

it H AR F
O ﬁm wi-r DOI:10. 11896/jsjkx. 230300204

ETEENNHEZETBMNNBELEBGENLHE

EEN“ %lb\%
W AFHER FITREFR KJE 030006

# E Deeplabv3+H A AL EZH . FRETMAFHAMEEEA T T LB AR, BB EAEARNZHELNFEBRZ L
BoymP L, AN ERRA RBE—FEATEEZANANS FLEABANGEZHLEARE LS EN AL, #Z 442 e MobileNet
V2HEAHETFTR%G. RS THALK T A REBEZRATEARFHEARIR S R AL, SE 442 H 69 &8 8 e i, B AL E il
AR ST R E R AR RS B A AE AR AR, a5 4 R, £ PASCAL VOC 2012 3% 3% 4 48 % L 47 £ %,
HREAY R T RGP T E IS AENS TR T A R A%, 5 Deeplabv3+4at . A R F 54 H 8 5
ABL Y 184, 82X 10° F= 90. 83 GFLOPs, i% 5L ik £ 42 7t 5 245 E 9 R BH i, Y 7 31 - 44 .

KGR R F T 585 L 4 %] ;DeepLlabv3 ;i & A ALH

hESES TP391

Lightweight Image Semantic Segmentation Based on Attention Mechanism and Densely Adjacent
Prediction

WANG Guogang and DONG Zhihao

College of Physics and Electronic Engineering, Shanxi University, Taiyuan 030006, China

Abstract A novel algorithm named as lightweight image semantic segmentation based on attention mechanism and densely adja-
cent prediction is proposed to avoid the disadvantages of the difficulty in highlighting important channel features for atrous spatial
pyramid pooling module, higher computational complexity and lacking of sufficient detailed information for the high level semantic
feature map generated by the decoder in DeeplLabv3+ algorithm. The lightweight MobileNetV2 is regarded as the backbone net-
work to reduce model parameters. After the multi-scale information is extracted by the channel atrous spatial pyramid pooling,
each channel of the feature map is weighted to reinforce the learning of important channel features. Moreover, the segmentation
results are refined since densely adjacent prediction is utilized to combine high-level and low-level features. Experiments are per-
formed on the PASCAL VOC 2012 augmented dataset,and the experimental results show that both mean Intersection over union
and mean pixel accuracy of the proposed method are higher than the state-of-the-art algorithms. Compared with Deepl.abv3—+ ,the
parameters and calculation amount are decreased by 184. 82X 10° and 90. 83GFLOPs respectively. The proposed algorithm not
only improves the segmentation accuracy, but also reduces the computation cost compared to the baseline algorithm.

Keywords Deep learning,Semantic segmentation,Deepl.abv3+ , Attention mechanism
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A FH A 22 M 2611 (Fully Convolutional Networks, FCN) iy FRITEANR G2 6 EF CERMELIR IR R Z E /Y
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(Channel Attention Module) , | F{ PAM 3 BURR E K AT 2 7
AL E R B AR BAROC R IRl CAM R AE B Y & A
3 T T A R L 9 b B AR AE Y 2% ) . NLNet!™ Al
DNLNet™" 5 5 [ 4E & 3 H E R L], s @ g £
V1) Fry A Jag A K IR B O O R L ARTS T B 1 4 B RICR L (H AR
2R . CONet™ ) U7 A A5 3 (1 /K 7 1) A &
BT T ST 5 R AR ER 2 ) SO — o R b e b
TR SR,

1E DeepLabv3 By &Ml |, DeepLabv3 +2 E 17 — 4%
527 [R5 B AL 4% . A T g B AL 205 4 R S TR) 4 S
PP R AL (9 P 35 48 T T 38 U #IROR . B2 Xeeption™”
{E4 DeepLabv3 -+ 42 BURFE 19 3 T M4, 280 2, 1T 5 4
K23 i 25 0] 45 7 B i 4k (Atrous Spatial Pyramid Pooling.,
ASPP) Bl L5t H 238 38 AT 5 i 1 4% A I o 3 Ak
FRIE P B2 RO 0 R A5 .

BEX b ) R £ 1 — R T 0 D ML R A8 el A
% 42 4 Ak %08 S 4 #1480 15 (Lightweight Image Semantic
Segmentation Based on Attention Mechanism and Densely Ad-
jacent Prediction, LAD), LAD A9 % % 4% % 4% & 9% Mobile-
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g5 LIRSS RW] L LAD Bk HUOR BEAR T HAL 7 Fb 2R
XL FE . HEEUETIE A L LAD 7648 F+ 43 HURE B2 (¥ 15 B ok
DT EITH.

2 XK

kg —Ffr Y Y (4 1 X 43 ) 9 4%, DeepLabv3 + 7€ Deep-
labv3 At b 38 0 — 4> T8 BE 10 A 280 1 Jik i 4 ok 20 Ak 43 )
S50 H M 0k an & 1 frsR . DeepLabv3 + 4 it #% /& +
™ 4% Xception Fll ASPP #ibtZH i, Xception W 2% 31 B F 1% 45
A s ASPP A5 s 5 7R W] % i 28 1) 9% A7 25 T 6 B AR il 2 RO
RO IFTE B B 2L B PG (R 4SS 15 B S E JURRE
il RS 45 T 2 B 4 A D O REAE 5K B EAT 4 A% BREEL B S T
W 2% Xception HVXF N J2 G 1 RRAE & DF 32 DL & BRR 1 18
e BRAEY 5 B BoJm i 3d 33 BRI AE , IF 4 %5 B R
A B U EIE

A4 ; : I
@—bl'—»ll‘—’[ 3x3 Conv H Up sampling )—b.

Output

Kl 1 DeepLabv3 -+ [ 2% 48 44
Fig.1 DeeplLabv3+ network structure

3 ETERNMNASEEMEMANEELER
BEX S E

3.1 E-F MobileNetV2 4 45 {E R B

MobileNetV2 & 2018 4F 1 45 #i A1 BA 4 i} A e 2 I 2%
AH Lt F MobileNetV1, MobileNetV2 51 A .75 28 14 i £ 2 #
WERELGER A 2 R . 5 ResNet 5% 22 25 # AH J o 30 5% 22
Ghikg e 1}X 1 BB I TH 4 3 X 3 R Al 4 5 4 LR BURRAE
Joi oA 1K1 B G5 38, DA UE A R 4k 2 ) 4R BCE B AR
fiE. 1T ReLu B oR %50 5 189 hn v 4 58 AF 09 3R 2 Pk R 3k, Al
BE 2 W IR AIK 4 45 fiF , MobilenetV2 5| A £& 14 i 51 JZ ( Linear
Bottleneck) , 7€ M 4 (19 45 U2 )5 A1) 48 M 45 AR 40 J R 45 71
Hl ReLu MRERI A A, LUR B T Z I HRE(E &

W B

B2 sk g

Fig. 2 Inverted residual structure

MobileNet V2 FEAEFRIUM 4% , 4 5 R T R AL 15 5 5 P
HRIG R 1/32 WARAER . PR RSN &
TEAH B LAD £ T M 454 MobileNetV2 45 5 I T R 45
TSR R A 1, I (R 4550 8 BOR A8, AR B 4 3 2 A ) 4
% 1/16 5 L AFE . LAD ETM4m#E 1 s, L,
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t Ml n 43 278 bottleneck ¥ JB [ F FIE E R E ., ¢ s 435
Ay i o A T BORT A K
# 1 LAD ETM%45H

Table 1 LAD backbone network structure
Operator t ¢ n s
Conv2d — 32 1 2

bottleneck 6 16 1 1
bottleneck 6 24 2 2
bottleneck 6 32 3 2
bottleneck 6 64 4 2
bottleneck 6 96 3 1
bottleneck 6 160 3 1
bottleneck 6 320 1 1

Deeplabv3+fifi | Xception fE N £ T R4, Xception F
KRR L BRI ZBERTE 2048 4, x5 5
CEHAGHH K. HELZ T . MobileNetV2 4% % f12 i
LW R R 320 BERIHT NS4, K, LAD i ] Mobile-
NetV2 W2 32 B AR 4FME . MobileNet V2 F| I W] 5 B %
R RRAR TR TS e B . IR B T 43 89 4 BT 4 ik Ay R B3 45 TR
B ERLATRE R (D) — W PR,

Ci =Dk XDx XMX Dy XDy 1
C,=MXNXDy XDy (2
C,=C, +0C, 3
C, =Dk XDx XMXNXDy XDy 4)

Horbr, Dy Ry B AR/ MR N 43 530 Sy By A R0 B i 3
B D AR R R S B sRGEE . Co s Co s Co s Co o B RN TR
FEB R B R B TR BE AT 20 B 2 B S AR 3 . IR
R B E RS Rl PO AR Z O
Cs D X Dg XMX Dy X Dy + MX N X Dy X Dy
C, Dk X Dx X MX N X Dy X Dy
11

N

(5

MGG IR, LAD 321 W 2% 5% J A 3 B2 vl 4 g 45 AR 1L
3 A B D 2 (D — DS A&
3.2 BEZERETEEFEBL

ASPP BHLAE J I 1 SRR AT 1] 438 18 AT AR [R) A %
R [ 3 AR 2 5 R DA B S A R AE 1l A
fFE . ik, LAD 55 vk by 3 38 25 1 25 (] 4 52 3% i A 4 B
(Channel Atrous Spatial Pyramid Pooling, CASPP) , W&l 3 fr
7N, CASPP R M4 -4k (1 X1 BRI 255 51 6,
12,18 123 i 45 B A B 22 RO 5 E &1, PR A 58 08 1 2 )
Bt (Channel Attention, CA) X 42 J& 4 AiE 1] 1E A7 388 38 hn AR
S AL AU oy 138 TR AIE O 00 ) ASUAEL ARG 7 33 SRR AAE L DAY 3B R
IFi) 328 3 A AiE T ) X 43

I‘
3x3 Conv
Rate 6
3x3 Conv
Rate 12
44
3x3 Conv
Rate 18
Image
Pooling
[& 3l 3 7 I 43 ) 4 7 0 vl A A B

Fig. 3 Channel atrous spatial pyramid pooling module
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Fig.4 Channel attention module
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15 3] 4 A~ 30 T8 1Y 4 JR R AE L an = (6) TR .
:ﬁééﬁu,p )
Hod H MW RS R AE 0 L R S F. M F, G j) 4y
MR o A TEIE B 2R ARRE R G ) AL YRR AEAE .
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LT & 3 3 {7 BT B 4 R AR AR K ik d € RVVC (C/CT =
8, FIH4E d LIF S S FARF BB d € RO, A
FI ] Sigmoid & A= i 4% il 18 AL T (E T |1 20 (7) 15 B i il
FRAEF. ,

F.=F" X, (d) )
Hr,o 13 Sigmoid ¥TE P4, F Fllo, (d) 43 Bl R REE ¢ 4
8 38 A i AR A

H LT ASPP,CASPP I CA X Bf 45 5 i 45 4iF 18] 3 47

F /

T 0 AR 5 b S T AR Y A 2 B RO [R] 2S00 R E 2 )
B DX 43 BE L3R4S B & i AR R
3.3 HEBEFW

DeeplLabv3 -+ il fith 5 4 1 1 = R AF BB A 3= 5 9 iR X
R A Z R RE L LR E mER g, S
o B RS B BR. b, LAD F FH 95 S 4B SR A B
(Densely Adjacent Prediction, DAP) 4 5 5 £ (1) 25 [a] {5 B, . 7%
o SR AIE TR AR SRR S A0 A A5 R R N 2 2R
kX kGBI AR R ARG AE B AT F 43 B B

DAP # e iy 4 B, b5 M 1k L 715 K 46 B (Pixel Shuf-
fle) FH AL 4 DBER R A 5 FToR . 2  BUR AR il
PR JG  LAD fiff it 25 S H AR 1E B i B B il 21 9 RN
21X E* A (e B 3) 5 TR ] F 18 3R 45 B R AIE 181 109 735 B2 15 98
AR ER B kA 355 SR kX kit A A IR AT O 25 3tk £ 35 1 LA
3 201 SCArFIEL = (8) TR .
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Fig.5 Densely adjacent prediction module gEH
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4 RI§
4.1 HiEE

KR A PASCAL VOC 2012 # 5 Hi 415 48 BF 4l 35 3 1k
. ZEURE S B PASCAL VOC 2012 $R#ESUE S M Semantic
Boundaries Dataset(SBDY BB &AL . & )5 M BE £ &
21 MR L4326 .10 582 SRIINZRIEMR (1449 5K I HE R F1 1456
3 3 PR
4.2 {RMIERR

Sy R T #5518 #F Ok B B (Mean Pixel Accuracy,

LAD network structure

MPA) 3 ¥ 38 I [t (Mean Intersection over Union, MIoU) |
¥ 15315 B FLOPs(Floating point Operations) Fil 2 $ it (Pa-
rameters) DL i Bk PR RE .

MPA FR P38 5114 2845 JF (Pixel Accuracy, PA) 1y
Y R A K= PR .

L3 p
MPA=—— 2 (9)

22 It (Intersection over Union, IoU) 42 T i 4% 5 & #1 B
S AR S PR RS 42 I BE 5 O AR 0 BE Y EL AR, R TT B o B 4 2R
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R A X A0 fiR
(10)

— Pi
Horpo k41 20 EH py R mﬁiﬁﬁﬁuﬁiﬂu%%%%ﬂﬁ
i FGERER,
4.3 ZWIEE

SEHG FREE BC R AN R #:4E & 48 4 Ubuntu, CPU & Intel
(R) Xeon(R) Platinum 8255C @ 2.50GHz, &%~ 11GB 4
NVIDIA GeForce RTX 2080 Ti., 345K H Pytorchl. 8. 1 I
BEAE S HESR il T Adam £k %5 5k 97 4% ) 28 40, 1 ] Poly
RGBS E R )R KN, SRR EWNE 2 5.,

*2 BH0kE

Table 2 Parameter settings

B8 -1
Base Learning rate 0. 0002
Power 0.92
Batch size 8
Weight decay 0.0005
Input size 512X512
Epoch 50

£ PASCAL VOC 2012 ¥4 5545 88 b LAD BRI K iR

By 2 A i & a7 o o B RT DL I 2 B R I 4 A 4R
R ABL Y49 B 32 A VR B I /s L 40 48 RS IS

20

——— train loss
val loss

§ 10 4

05 4 3

0
0 10 20 30 40 50

Epoch/ K
B 7 LAD R 5 5 il &
Fig. 7 Loss curves of LAD module
4.4 LBERMHH
FEE LAD &M fE 75 PASCAL VOC 2012 1458 5 4

£ oW 5 HA T o B Bk 4T X L L AL HE FCN, SegNet,
PSPNet, GCNM, DeepLabv3+ , DANet F1 CCNet, 8 ik
FLLAD BE 5 K HARK IoUE N &M, 9 K HIRH ToU A
FWAL s B MIoU 3% T 77.51%, 5 FCN, SegNet, GCN,
PSPNet,DeeplLabv3—+ ,DANet,CCNet # It , LAD 25 3 MIoU
{43 9 42 T+ 17, 44%, 11, 36%, 2. 53% ., 8. 92%, 0.54%,
1.27%,0.25%.

%3 LAD #2500 ToU {8 5 HAh 5 1 A9 %

Table 3 IToU comparison between each class of LAD and other algorithms
%)
EY FCN SegNet GCN PSPNet Deeplabv3+  DANet CCNet LAD
background 86. 26 90. 28 93.59 92.33 93. 84 92.01 94.27 94.33
aeroplane 69. 54 76.81 86. 71 82. 30 88. 00 83.59 87.21 86. 86
bicycle 29.56 38.53 40. 69 35.75 40. 82 48.54 42. 80 45. 60
bird 70.3 76.76 85. 64 76.28 87. 44 83. 80 88. 69 88.47
boat 46.09 41.57 64.43 46.59 67.57 58.20 71.28 64.62
bottle 40. 04 56.63 62.11 67.87 76.28 82.24 72.52 76.69
bus 85.55 90. 20 92. 66 90. 46 93.96 92.37 93.49 93.52
car 77.34 83.95 85. 39 81. 84 88.202 85.08 86.02 86.94
cat 79.65 85.58 89.03 86.52 91.62 88.2 90. 65 91.07
chair 32.25 30. 24 42.97 32.14 39. 81 48. 36 46.17 48.42
cow 66. 44 76.32 81. 39 76.25 90. 68 74.59 85.54 84.95
dining table 52.71 51.50 64.55 50. 26 50. 22 72.36 65.98 M
dog 72.37 80. 40 83.62 77.41 87.24 82.83 86.08 87.45
horse 56.05 75.06 77.95 77.02 89. 05 78.06 83.28 79.74
motorbike 52.82 76.14 81.67 75.16 84.29 85.79 82.27 83.19
person 73.74 76.31 83.14 79.01 84.85 80. 77 83.61 83.21
potted plant 33.74 43.31 54.93 54.00 64.35 60.39 57.56 52.57
sheep 74.74 57.09 80. 50 74.83 86. 65 82.13 79.65 83.50
sofa 48.14 47.75 63.06 42.96 48.58 64.95 64. 60 65.88
train 66. 84 73.75 88.99 80.51 88. 49 87.93 87.96 89.46
monitor 50. 20 60.92 71.58 60.97 74.56 68.98 72.96 74.48
MloU 60.07 66.15 74.98 68.59 76.97 76.24 77.26 77.51

T IHLL N R 2 B 0 0 R R AT R A S A R

RAB/BTHEING PAE. E4TH LS FE L,
LAD B 6 5 HARM PA H i, 6 2 HIRH PA {H 51K
s H LAD 5 ¥ MPA {0 89.17% , 5 FCN, SegNet, GCN,
PSPNet, DeepLabv3 +, DANet, CCNet #H [, 4> 3] 2 7 T
20.93%,10.54%.,1.46%,9.43%,2.72%,1.85%,0.72% .

KEHINT SR ILTERMMEITE MG hs LIWZER . M E
5 AT, A H T DeepLabv3 + &5 2% . LAD 835 59 MIoU
MPA {5 BT 0. 54 % H1 2. 71 %, B 80 58 2 91
/> 184, 82 X 10° F1 90. 83 GFLOPs, f£ 4> E K5 B 75 i , LAD

F3k MIoU 5 MPA {E¥% FHAb 8 X thi ik, k5
A E i, R PSPNet 284t 518 & de 0, (A2 LAD 945
FKS B 8] W T PSPNet, HAKUIE . LAD B MIoU #l MPA
{E Lt PSPNet 43 32 7F T 8. 32% #1 9. 43% . M 4h,CCNet 5
DANet 3 EREE I T LAD. B3 H R 5t E RN LS T
LAD, £ A, LAD 8 7E Of 45 i K B /Y 8] 0, B AR 7 3
BB IR U E R AR

7 PASCAL VOC 2012 3 5% #5455 o B B 5 0/ &%, IF
55 A Bk R AT R R L SE IS A SR AR 8 TR .
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# 4 LAD K25 PA 5 HAWS ¥ 1

Table 4 PA comparison between each class of LAD and other algorithms

ES FCN SegNet GCN PSPNet Deeplabv3+  DANet CCNet LAD
background 95.70 95. 32 96.18 96. 45 97.13 95. 02 94. 06 96. 12
aeroplane 81.35 93.15 94.01 93.05 97.02 96.01 95. 94 94.72
bicycle 70.69 80. 67 89.45 81.53 92.51 82.45 80. 36 88. 40
bird 77.69 86.58 94. 69 87.49 93. 87 92. 87 93.61 93. 50
boat 64. 88 63.59 86.02 64.50 83. 81 85.48 87.49 89.48
bottle 59.65 81.21 92.52 80.79 90.13 90. 57 91. 36 92.18
bus 76.63 93. 42 98. 43 93.07 97.24 96. 78 98.47  98.51
car 75.10 89. 56 92.50 90. 31 92.22 93.12 93.56 91.99

cat 85.02 91.47 93.02 92.26 97.20 94.08 94.72 94. 87
chair 32.91 41.22 65. 45 44,03 50.47 65.21 68.74 66. 07
cow 48. 44 84.23 85.78 87.43 95.56 94. 28 96. 22 90. 74
dining table 53.75 53.06 71.56 53.48 54.56 68. 24 79.19 75.50
dog 70. 88 90. 32 93.16 90. 61 94.00 91. 60 92.85 92. 61
horse 72.59 84.13 94.95 85.52 93. 82 93. 89 94. 17 94.23
motorbike 78.33 84.52 90.72 87.71 94. 86 94.57 94,22 91.10
person 87.10 86.53 89.55 88.83 91.54 87.85 86.70 90. 29
potted plant 49. 25 68.12 72.40 71.06 M 77.12 78. 44 73.23
sheep 66.51 86.32 93.71 79.96 90. 04 93.56 92.73 95.77
sofa 37.35 54.23 73.15 51.76 58.69 65.23 63.61 79.56
train 76.82 89.18 93.70 90. 28 92. 30 94. 21 95. 36 95.41
monitor 72.55 54.32 81.03 64.53 80. 37 81.65 85.78 88.30
MloU 68. 24 78.63 87.71 79.74 86.45 87.32 88.45 89.17

T IHL T R 2 87 0 SRR AT R A S A R

58 PR E IR HE bR A X 1L

Comparison of objective evaluation indices of eight

R HIRE 8 AAT HEFIH S M. KA LI
FCN, SegNet, GCN, PSPNet, Deeplabv3 -+ 17 7£ 43 % A 34 5 1]
RN AR R 4y Ay BB . ML Z R LAD X 45 5 4

Table 5

algorithms

JAE B BT A o3 25 SR T AL

Backbone

Models
Networks

MIoU/% MPA/% S E GFLOPs

-
FCN VGG-16 60.07 68. 24 77.20X10° 237.63 -

SegNet
PSPNet
GCN

VGG-16
MobileNetV2
ResNetl52

66.15
68.59
74.98

112,36 108
9.20X 108
231. 64108

327.09
6.11
142.53

i

-3

Deeplabv3+
CCNet

Xception 76.97 86. 4

ResNet50 77.26 88.4

DANet ResNet50 76. 24 87.32
LAD MobileNetV2 77.51 89.17

U IR T Sl 2 0 A 4 R B O AR 2

R # B 8(a) AW 5 F A Sl nl. B AT A,
SegNet A g iH 51 i 52 28 5] , FCN #1 PSPNet X 5 28 5| 77
TEAE IR 4> E B4, GCN Fl DeepLabv3 + A I -3 48 15 43 &
WS T —E . R LAD B UIEMSE R F5AY .
VA U 43 0 R A TR, 4 ) 25 R e

R AT B R E 8(b) M L 255 4l i . #1 &I AT 41, FCN 43
TG RAESE, S 0B 50K T4 B . SegNet X £ 1% 3 Ji% 341
25y BN 58 %, PSPNet 7E 5 (19 %6 5 b 43 #) L BHLKSE . GCN,
DeepLabv3—+,LAD ¥ 8 4 #1 5 1 75 5, (A 78 — S8 4035 Jr
T 2055 g R 4 ) 85 SR T Jin kG 4

Ry # s 18] 8 Cod th ¥ & M S . Xf L& B, FCN,
SegNet, PSPNet, GCN, DeepLabv3 +, LAD ¥ 8 iF % 43 %) 1
WIS A A U K 22 N % A B B BB AL L LAD Y 43 #1245
T T AR A

Ryl 8(d) i 3 AR T A St al . el &R,
DeepLabv3—+ #4743 #1 t v [d] #9 # ¥, FCN, SegNet, GCN 7
LT3 S AT AR AR 4> B B 42 L PSPNet X T 1 240 81 o
RS, MHLZ T, LAD A 431 a5 5 or B &, B Ar #1045
ST

208. 72105
182.23 X108
178. 37> 108
23.90 %109

167.00
440. 24
1025.00
76.17

©
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|
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z
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Results of different algorithms on PASCAL VOC 2012

augmented dataset
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HEUE CA A58 B rp oK [\] 3 Ak 5 =X DL K 3 38 JE 46 L )
(C/CHXE Loy BB MM BT 4 A% 305, S i 45
B 6 Frg. hETE 1,2 47 A LRI 46 4 )5 o 143
13 MIoU fH 4 R B Kb Ak & 0. 48 %6, 31X J&: i T M 4% IR
J2 0 P S B A B TR R A 4328, Al e ok b 25 i
RH i SUIE B PR SR F T B0 Ak R T R R i A
FE — B A FIRCR T AR, SO X R 2 — 4 AT L&
P RS I C/CE R 16 A1 32 BF, B8 Y MIoU {43 5
TRE 0. 14 %8 0. 47 % . S 88w 43 W 0. 79X 10° A 1. 18 X
10° , 33 2 B 3l 18 40 b 1) e R I 3l 3 R 4 5 B A S 4
R (E R Y L T B (o =N O (a1 == N
U, B I 4 R H itk . HL A TR 4 L B C/CT R 8 B o Kk
[i[E 527

6 CA BEHLIH @56

Table 6 Ablation experiment results of CA module
Group MIoU/% S E

AR A #A.C/C =8 77.03 23.90X108

ARFHAA,C/C=8 77.51 23.90X10°

2T H A ,.C/C'=16 77.37 23.11X108

2RTFHHN,C/C =32 77.04 22.72X109

o L DAP A He v AN [6] &8 30K /N (o) Xt 43 381 M i 19 52
Wi, UEAT A AT H LG, ST A R g 7 BS. R AT, Y
kB3 I MIoUE N 77.51, 7 Bl gE et . BLAh, WE P iR
AR I SR B e L AS T B T B 0, 24 & 43 IR 4 AN
50F. 5 & B3 BHAH LG, MIoU {6 4 5 A% 5. 42% F1 6. 57% ,
XRY R EN RS FEOEGRE BN LE R S5 H B £ 00
RARFEAT B ARF F o BRI T,

£ 7 DAP FEHH @l 5

Table7 Ablation experiment results of DAP module
Group MIoU/ % SHE
k=2 76.29 23. 82109
k=3 77.51 23.90X10°
k=4 72.09 24,00 X105
k=5 70. 94 24, 14109

S UAIE LAD 3 MobileNet V2 %% 46 ¥ 4% . CASPP,
DAP 7 09 b, I 45 4 48 7 ¥ 78 PASCAL VOC 2012
AR ACHR AR - HEAT 8 R S, SR S R R 8 T, %
SR 1 472 T M4 Xception Y DeepLab v3+8 8,55 4
TR A SCHR ) LAD 89k,

%8 MM R

Table8 Ablation experiment results

Group MobileNetV2 CASPP DAP MIoU/% MPA/% S E
1 76.97 86.45  208.72Xx10°
2 J 74.59 84.01  22.19X10°
3 N/ N 76. 65 87.64  23.76x10°
4 N4 N4 N/ 77.51 89.16 23.90X10°¢

TE LT FR B g .

HERPH 1.2 477 LA 1, 51 A MobileNetV2 J5 , MIoU
I MPA 53 5 F B 2. 38% Fl 2. 44 % , Z 2 0 7> 186. 53 X
10°, X & W] MobileNet V2 77 %8 LAU/INKGE BE g A4, 4 HL T A5
BSHE 90 M b, HETE 2,37 BEL,IIA
CASPP ZJ& s MIoU Fl MPA 4y 54&Ft 2. 06 % 1 3. 36% , &

SN 1. 57X 10°, X & T CASPP figflifk 2 N EF A,
SRAGE ERHEEE R . R 34 AT LLE LA
DAP 2 J5 ., & ¥ 9 MIoU #l MPA {4 43 5 #2 7+ 0. 86 % #0
1.52%, BHRHEM 0.14 X 10°, X &K N DAP BETE = % 4
HE P Bl AR GRS TE Z AR F R

ZE bR, A B T 3 vE B vk Deeplabv3 + ., A SCHE H )
LAD 8 A F MobileNetV2 £ $ BURFAE . B4k T 34 4
FIREBE AH MR 0 D TR R S AR, FE AL L, LAD 1A
i) CASPP 5 DAP yr#h 1 2r HIAE R4 2%, HIA 8 i £
SRR . HNIL A SO LAD 5878 38 7140 5085 BE 64 ) s i

TR
ERIE X Deeplabv3 + S 88 £ . ASPP #iHe i L)

5 Hh L T KRR A A 2 A 0 R A e 2 R Y A Y
BRI 38 T LAD WS BER %8B Y S 55 45 K Mo-
bileNetV2 fE Jy 3= T W 45 . vl /D 17 870 2 85 4k 5 ) A 38 25 1)
25 () 4 F B W AL BRI &2 RUOBE A B, . O X e AiE ] 1% 38 3 A , 3
A B B 3 R AR 1 2 3T 5 i T 25 R 2 4R 48 S T A v 2K
FRIESARGURRIE 8 T EUR M A0 15 B 4046 T 4 B0 45
SR ZE R W, LAD B MIoU 5 MPA {6355 T HAtb 7 Fhxt
PO 5 5 ik v B B AR FE L LAD 78 32 TH 43 5008 A 1) B s 20
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