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PSwin: Edge Detection Algorithm Based on Swin Transformer

HU Mingyang"?,GUO Yan'? and JIN Yangshuang®
1 Suzhou Institute for Advanced Research, University of Science and Technology of China,Suzhou,Jiangsu 215123, China

2 School of Software Engineering, University of Science and Technology of China,Suzhou,Jiangsu 215123, China

Abstract As a traditional computer vision algorithm,edge detection has been widely used in real-world scenarios such as license
plate recognition and optical character recognition. When edge detection is used as the basis for higher-level algorithms,such as
target detection,semantic segmentation and other algorithms. Edge detection can also be applied to urban security,autonomous
driving and other fields. A good edge detection algorithm can effectively improve the efficiency and accuracy of the above compu-
ter vision tasks. The difficulty of the edge extraction task lies in the size of the target and the difference of edge details, so the
edge extraction algorithm needs to be able to effectively deal with edges of different scales. In this paper.the Transformer is ap-
plied to the edge extraction task for the first time,and a novel feature pyramid network is proposed to make full use of the multi-
scale and multi-level features of the backbone network. PSwin uses a self-attention mechanism, which can extract global structural
information in images more efficiently than convolutional neural network architectures. When evaluated on the BSDS500 dataset,
the proposed PSwin edge detection algorithm achieves the best performance,with an ODS F-measure of 0. 826 and an OIS of 0. 841.

Keywords Edge detection, Feature pyramid network, Visual attention, Transfer learning, BSDS500
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BARR U 258 S0k 150 A B Swin B T 4% . A
FUR BN HXW X3, Horp H #1 W 43 531 2 &5 #Y s A
Fi .3 RREMRE 3 AEIE , TR T M 2% b e A R
Sy FUA S R U FA YT RN 4 X4 X3 R, — K

Fe b b s L

e (0 R AF 4 B AT LR R A L 2 RS B BEAR 2 o6 B Y AR
AR He AT A I R FRAE SR B AT R4 LA DT,
PN G BEIE 4R L AN B AY i 0 2 S R —2F . [
N T BRI F4 B L Swin T 8 1R LS BNEE E
R EAE O A E D EE A, s 0w
MR . (HRE 2 2R R AR IUA J5 R AE 1Y fE

J T AR 4 R RAE , Swin i T Shift-Window J7 3 K XF
PR A o B 0 3 AT TR 4 L SRR TR AT AR 45 7E S 3
O J B (A TR 4 A 0 4% 14 Jg% 32 BT, 7E Swiin 2544 R, B B
Be R AL 45 M8 A Transformer B, AH 4 B9 W5 A~ B 23 591 % 4 A
P 3R AT 000 f 87 11 8143 R Shift-Window 143 , 4> 31 %t i F
W-MSA Fl SW-MSA #4E , 3 #2078 AR B i+ 53 5t 1 [+
A 38 K I 2% Y B 7 B . MSA = £ 3k 7R & I HLH, W-MSA
ST £ 3k A1 TP SW-MSA & 7E W-MSA 1y 54ty I 3
7T R EERE . AABH P Transformer AU TR -

Swin 15 — A~ B B2 & 7 U

S =W-MSA(LN(z' 1)) +="" &)}
& =MLP(LN(2))+ & (2
2T =SW-MSA (LN(z)) +2' (3)
ZT=MLP(LN(z"))+2! )

Horb, SO 4 B F 4 1 4 Transformer e fl W-MSA 1

i A LayerNorm F%i H .

PSwin AR 1] 1= 1 4 A B B i fa o 4 B 43 030 S [1 024,
512,256,128, 43X 4 AR AE 300 S BVARAE & 35 LA
[ 53 B ORI E U5 B R IE A& . XA E & 1 X B 1E
A R 3R T AL B T R0 2% B R O3 )2 RRALE

AW B RE & 5 S A B B B 3R AT B
FUERAE R H 0L W 4 B R4 R 64, 2 )5 i RS,
K A TR B B i L A R AR KC/NR AR g 256, o ST Ol 2o % 4 4
P ¥ AN T J2 G 8 09 R AF BF 35 2 Ok, JF 8 3 45 PR 5 AR
dER 1,

AHLE RCF o fiff HRFAT 4 7235 K ResNet 43 242 BUL 945
REAT PR B AR AE AR SO B B H G TN W A
TIHEEF R, AN S I A BT R A AR Rl G 2 R S T A R0
I FH 0 245 4 B of 9 e 21T L 15 210 B A A i eh 5 2R
3.2 ETHIERLESFENMEEN

M LB R AP 28 N 2%, £ T Swin Transformer B T W 4% Y
DGR ETER R R R IRE ) B TR RMHTE. H
JE Swin B T BEAR TSN % B ANAE R AR E OIS A R
73 - Shift-Window $#AF L R TE— & 2 LI R T M4 %52
9P, I A T IE b o TR R AT O R AT
FH b Ak 4 5 55 SR Bl B B T 0 45 $R I &2 B R AiE . Swin 19 35 U
W B R AR iR A 45 3 £ 10 4 R A5 L DRI O A 00 55 IO I B ) e o
ATV T 4 7 B i AL B e, 1 45 25 49 40 181 1 (Global Poo-
ling) T 7% .

AR LG DAAE /4 320 25 A6 00 0 265 A SCIY 0 2% 25 4 3 17 X
Swin [ B P A i 1 A4 3 — 20 4 B0, SR T fb 4 5 B R A A AR
W RAE TP TR OCAE B . Al 1 TR AR AR Bk 45 R
4 28250 AR R /Nt A % [1,3,5, 7] X8 T %
B J5 — )2 00 i R AE AT b A AN T J2 R 43 ) o g AN [) IR
B REAIE B 5

SR FH OO M A 1, b ot A 4 5 B O [ 2 ki
B 45 SR AT oRAE A5 B R A K/NAR R R RPAE I . 45 i
JZE U i 5 AR A A O IR A1 B R M AR AR B
B . B JE B IR R RRE 5 R AR & B B 4 AR L R
P i dc R AR, AR ARG A N R 2 TR

R
T R3

vk

Swin Block RI

O/ O Conv

E Concat

2 PSwin B I&RM 444

Fig. 2 PSwin network architecture



A4 4% , 4 . PSwin: 3 T Swin Transformer 19311 Z¢ 46 ) & 3= 197
3.3 MK F-measure fH #7157 X F .
A P AH P Swin-B. & 0 K/MNE B M= F=2*Precision*Recall 5)

T, XFFHA LR, A Head A MY E d=32, 54 MLP
P RIZE N 4, CRE - EBEMZMEER. 4 MHEY
Transformer Block iY)Z2 4053372 2,2,18,2, B, —Z K
V1 i s 24 BE 3 ) 128,256,512,1024

4 IWigE

AR e A ARSI BT AT A A TR A L SRS Ay A A
N7 A L TR (L S 1 L T
4.1 HEE

BSDS500, Bl Berkeley Segmentation Dataset and Bench-
mark , & 30 SR T 7z Al A BdiE 4 . BSDS 500 414 200
TRYINZRENS 200 SRIGTE EIE AT 200 skl &5 . BSDS 11
BAEURHRH 4~9 R bR A ST 0 Zbr 1 5 R 4 R 1Y
NGE R B AR WA A — 2 R F . IR
(BRI P- 248, PP DU ACAS 2 MR X 5 A EABAEAT X LE .

JEdh BSDS500 %54 4 H 4 = 3 /N, A A T 9 45 1 1 2
PR 1t A SCfde HT DA JL AR AL X 2 88l SR AT 9 8. E oL
BB b B R R AT 22 RORE A 3, B R A PRGN DA 2 [
Ba T I E A B AR M, ML Z G,
PR A HE 0 300 25 M 25 LT A0 P Xk P 3 1 AT 1] 7 98 O D
U EUGR /N LB XS B AT AT P LR e & i 4 &, 1
W Y R B 4R R 4 45 Bl A% ) PASCAL VOC | F SCEUE £
EBHAE BSDS500 935 £dls . PASCAL VOC J2—4~% |
T BG4 FAT: 55 09 8040 4, B FH T 30 2 DU A 55 % U1 5 Rl
B RCF, R, o EHRBESE B) 16 A AS [\ 19 #A 3 O 38
B B R HE I R 3G s B0 . S L R 23 LUK ) #8447
B TR A i i 200 2 R D R BOHe 42 /iy 32 %

4.2 EWiHEA

A ICAR 14 £ T Pytorch, 3f # 37 7£ A FF Al I 1 Swin
Transformer Z I, Swin Transformer % ] Swin-Base Zk 1A
Wl 22 50, AR CRY R A AdamW ) 1k 28 Y1 2k ) 2% . mini-
batch ZER LA P REALYS 5 D EBRFET R, 2RETR
g 1X107°0 /4l 2 Pk il %t 2% ) AT S B E . B4
FR I AR/ R 1024 X1 024,

LR EARIHE R T 3 A 12 T Gk i s i 11
3645 « [ % 58 13 B B (Optimal Dataset Scale, ODS) . 4 I
1% 5% 1 % {8 (Optimal Image Scale, OIS), DL K 3 ¥ ¥ iy
(Average Precision, AP), H 1 ,0DS Rl 5 B — 4~ [ %2 1) 5 {E
R T A R A5 A A B 4 B F (B B O OIS, W8
PR hy B e e £, 7R — 3K & 1 4 3 AN ) A 0 A5 3% [
F {H A K AP 38 P UERR R,y TR 45 52 0~1 2
] fy — A MR R EE R LEARICH 0 3 1. th 245
W04 AT AR, B R AN TR] A (18 00 I 2% f oL 285
AR 0 R (IR 46 T o 3 % (AR R B 2 bR h B A0 —
AMEZE AR A G RR B Z A 5 A 8] R 2% T A 1
S B AR A AR I R i 2% B B 2 R/ bR A R B B AR il
RINGAFO RN . AT LA — & ih 4, 2 B4y
B2 R A Bk 2 R AP,

Precision +Recall

T AL BRI AR R AR S B RCF X H: 3k
T3, XTI A 3 % K i, F % ground-truth 1 9 4 4
BER MU A R B SH (0<<yp<<D, R HEA B
RN T 7.8 2 EHP0A 2 A IR R, IF HiX
BRREBBI N E 0, X T IRy & 1 (AR 3 20O FILIE G
GORFR M LL B 5 B e 7, 90% 19 ground-truth Z iy, K
I FRATVAE I A 3 SR SR A7 33X A2 B L B MR R 1R R
PR BN 5 C6) BT

a*log(1—P(X;sW)), if ;=0

L(X;sW)H=]0, if 0<y;<m (6)
b * log(P(X;;W)), otherwise

a=Ax Y |/UY [+1Y-D (7"

b=1Y_ /(Y [+ 1Y-D ®

Y =y yi=>nY =y,y,=0 (9

Hob BZ 8 A RDRE G -8 E R R sy B— DR R A
SERRAE L X R 45 UM B B AR 45 5 P (XD J2 AR MERY Sigmoid B
BOW RRME A S B ES . P RZ R RECh
D = LR N IR = W

L(W):gll,(Xf"”;W) (10)
4.3 5RBFEERMEEITLE

RXAE BSDS500 ¥ PSwin 5 Canny, gPb, SE, Deep-
Contour,DeepEdge, HED, RCF, Dexined % £ Ff i1 2% ¥ 1] 2
AT HERE L .

T VA K A o 1 R 5 I R (NMIS) Bz T A ) 1
ViR BUEC ISR S I NN

F 1 BSDS500 ¥odi 4 b 15 45 Rl Gt I 5 vk 19 LE B
Table 1 Comparison with various edge detection algorithms on

BSDS500 dataset

Method ODS OIS AP
Canny 0.611 0.676 0.751
gPb 0.729 0.755 0.892
SE 0.743 0.763 0.925
DeepContour 0.757 0.776 0.916
DeepEdge 0.753 0.772 0.915
HFL 0.767 0.788 0.892
HED 0.788 0.808 0.923

CEDN 0.788 0.804 —

MIL+ G-DSN+ MS+ NCuts 0.813 0.831 —
RCF 0.811 0.83 0.913
RCF-ResNet50 0.814 0.833 0.910
RCF-ResNet101 0.819 0.836 0.909
CED 0.794 0.811 0.871
BDCN 0. 820 0.838 0.888
Dexined 0.729 0.745 0.583
PSwin 0. 826 0.841 0.908
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Table 2 Ablation experiment

Method ODS OIS AP
PSwin without pooling 0.823 0.839 0. 858
PSwin 0. 826 0. 841 0.834
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Fig. 4 Ablation experiment results comparison
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