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Attention-Guided Shape-Aware Bilateral Segmentation Network
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Abstract; To address the low target segmentation accuracy caused by defect interference, dirty noise, and blurred len-
ses in complex scenarios, a attention-guided shape-aware bilateral segmentation network was proposed. To solve the low
precision caused by semantic propagation errors from deep to shallow layers, a semantic flow alignment module was designed
to learn the offset between feature maps and assist information alignment. An attention-guided self-selective fusion module
was introduced to guide more accurate segmentation by combining deep and shallow information characteristics. A shape-a-
ware loss function was designed, the shape features were used to guide the network to pay more attention to difficult bounda-
ry regions to solve the noise and object adhesion, improving segmentation performance. Comprehensive experiments on the
self-built chip dataset show that, this method is superior in the feature representation and segmentation performance to the
baseline network, with the mloU reaching 94. 4% (an improvement of 2. 1% ), the speed reaching 48. 86 FPS (an improve-
ment of 21%), achieving a balance between accuracy and speed and meeting actual industrial applications. On the CamVid
dataset, the mloU is 65.1% (an improvement of 3. 0%) while the number of parameters is reduced by 4. 6% . proving the
universality of the proposed algorithm.
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BLAE TR AT B4R B 9 . 78 CamVid 1 MESH-chip it Jr
G KR B B A 88T 4 B3R 4 I Dy 720 X960 FT 640 X
640, 45 Tk kb ) 6 45 {0.125,0.25,0.375, 0.5, 0. 625,
0.75,0.875,1.0,1.125,1.25,1.375,1.5},

2.3 HEAXIIE

ASCH M T — AN SO X FF B (SFAMD . B 1E
fife R A ] )22 RRAIE [ 22 ) A% 4 2 A2 P IR 28 SUE B
HE A, BT ARTE S, A SCE 45 A A AR 2 GURFE
FfE BRI AEERIRB &R, @R RUE, BRI ml-
oU. Dice fll Recall $§ %5 LR IM T WL MEIHHE. &
T A4 (A Ge 4 (8 5 75 . DCN I3 o B 4% 119 45 iE @il
EREH (NFE 1), {E€ Boundary _ IoU 8 %5 |, SFAM
B TR 2.9% . #E Recall #845 F. SFAM & T i
HF 6. 6%, mon Hoke4n1 5 8 58 B &2 2 = o B
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y=ex+3x 0.932
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N/ N/ N 0.932

J J J 0. 930

N N N J J 0.927
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WP T H bR K S TERE 20 0 4 R g
TR .

(d) grad-cam (e) grad—cam
without loss with loss without loss with loss

Bl 5 PRI K B Grad-CAM A fi AL

(a) input (b) output (c) output

TRy E A AN 4 BTN . TERSIR T LR 4% Y 4
I 388 3 B B AN 2% e . ol ok AR R Y 2 B0 R D
0.66 M, ##bmi% (FPS) #% 13.25,
2.4 5HMAEMIE

W 5 FF 7. AS-BiseNet 75 [ 85 B B3 4 | B
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FEHEHE, 5. T IR BRIEANTE SO 5 B X3 3255 %1 M 2% © 248 -

BT RENERET, KRBT 944209 mloU, M
STDC-1-Seg # /& T 2. 1%, 5 H fth 7 ik #1 b, AS-
BiseNet 754> HIKG B 2 000 W35 i oot . R &
17, (FLOPs) WB&4#8 8 T Bisenet il BiSenetv2, {HAJ}
T STDC F1 ICnet, FERLRS M G FI 1T 5 A Z [A] B 1%
TR . 3K TR A UE W] T AR SO HR AR O R 1 LB R
Jio W 6 Fron, METS . RUUR . BRI DL R SO 1 FORG i
S5 R R X SCA 7 BT 55000 ok T B PR . 5 A W 45 4
Pl o AR SO AL T b 3 53 4 0 R 3R A R B A O g )
PE. REAS S AT 58 JNOAS 6] T 40 R 9 SCAR 73 T 55 . AR
T LLE . AR SCBE RS XE DL 43 30 i i R IX 28 7 1
TR RO, T T 7o M vERR R . sAh, it
FRAE B AR Fen] DL B A SORE Y B8 18 T A S50 R &2 %
BRI FE R BB T RIROR .

F 5 MESH-chip Bl X L3258 . No R &A £ T M4k
mloU | mIoU| FLOPs
/val | (test) /G /M
ICnet | 640640 | Resnet50|0.919(0.911| 57.80 26. 25
Bisenet | 640X 640 |  NO |0.922(0.921| 23.83 13.42
Bisenetv2 | 640X 640 |  NO  |0.916[0.920| 27.79 5.19

STDC | 640X640 NO 0.933]0.923| 36.75 14. 24
Ours 640 X 640 NO 0.94010.944| 35.96 13.58

Params

Model | Resolution | Backbone

(a)input  (b)output (c)output (d)feature (e)feature (f)grad-cam (g)grad—cam (h) GT
o of map of map of of of
baseline ours

[ 6 AS-BiseNet fil STDC-1-Seg 7 MESH-chip
BRSNS €/ S PO N AT K 4

16 CamVid i 4 b, FLATRM STDC & 1 M 4544
Y AS-BiseNet SL B T 65.1% M mloU, # % F
STDC-1-Seg A 3% 1 @ E - T+, 3 6 FRANE/R T g i
A IO £ B A 1) T Rl S B 2 R L 3k e S G 45 SR ) ik ]
TAR LGN 25 R B R 2R pR R A e . Gl 7 R
s HIEMEMLL, A MEATME FHERTE
Z AT . R R TE H AR IR i G M AN G B
RGBS AR H AR 0 2350 45 85 i

baseline ours baseline ours

M. AR G T H RS B ST B DL . AN, 3R
TR AR SR I S b o B S ik e AT T AT LR 4
KRR, AS-BiseNet A U7E > KK BE LR A 5T 1,
1115 HLAE T3 R0 MR TR R /N4 Ty T R B (. X 28 %)
FLFE 7 7R T AS-BiseNet fE1# X 73 FIAT 55 H 14 0
REFNTE )

# 6 CamVidval %0865 10T il 52 56

STDC | ASFM|SFAM| Shape-aware Loss| mIoU | FPS
Test 1| < 0.620 |56.41
Test 2 N < 0.621 |56.88
Test 3 N N N 0.627 [40.68
Test 4 N N N N 0.651 |40.26

(a)baseline

(b) ours

& 7 AS-BiseNet il STDC-1-Seg £ CamVidval
B b T L T AR AL

# 7 CamVid HHaEXT LI E . No FoR BA ET R4

Model | Resolution | Backbone mloU | FLOPs Params

/val /G /M

Enet 720X960 No 0.513 7. 88 0.36
Bisenet | 720 X960 No 0.634 23.83 13.42

Bisenetv2| 720 X960 No 0.593 27.79 5. 19
STDC 720960 No 0.621 36.75 14. 24

LMDNet | 720X960 | Vggl6 | 0.635 — —

Deeplab | 720 X960 | Vggl6 0.616 - 65.10
SegNet | 720X960 | Vggl6 0.464 201.42 53.56
Ours 720960 No 0. 651 35.96 13.58

3 HERiF

ASCHEH T AS-BiseNet, XJjE—FHF L=
SCAR 1 S B ) P 265 . 2 I 4% ok I 14 3 T A B A
fEm G RLE, R T T AR (S B Z 38 HRCE, I
G 3t R T T AV )2 R 2 R e S . O S R SR
(SFAMD . i b filt & AH 4B FFAE 18 i 45 2. 28 B0E S,
AT B 28R 5 )2 R AR AL B BMIRZ AL . S5 =
AT AT AT & BUA e . SFAM 7838 /0 31 5 & 1Y [A]
WHE S T ERE . R 5 ARSI (AS-
FM) . Gl 5] ATEE I HLHI AR AL E , W58 T RRAE R
TR ER XTI, HE— 2 R T T 4 X A 2% B S A8 D R
J1. WA ARSCEFIA T —FI AR B K R, BT
HFIETT Y A TR o R 5%, NI A R0 T30 A4y
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TS AL A 5 45

933 %

TR HER M. TR 45 R KW, AS-BiseNet 7E & 7% Tl
Y5 T 0 0 S MER VR SR BRI TR M4 . 7EH
A A BUEE . AS-BiseNet 35 3| T 94. 4% ) mIoU,
SRR T 4.6%, MRS T 212, E CamVid ${
P b, ASBiseNet SZHL T 65. 1% mIoU, IR IG M
ZUUPRE T 3. 0%, AR TARNG AR P AESE— b AL A R
RSN Ko 1 3 = N o NI DR 7N E B = W Y = e
SOk Vs X O AR
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