438 % 431
2018 4£ 8

(E Y N R N ¢

Journal of Guilin University of Technology

Vol. 38 No. 3
2018

Aug.

NEHFS: 1674 —9057(2018)03 - 0494 - 07

—fE T CUDA gy it

B, xR%,

doi;10. 3969/]. issn. 1674 —9057. 2018. 03. 018
Canny iz #& M & &
% %, MEF

(CREMRFR LR a MU B2 0E; b PGS fE RS2 R ses, )77 Bbk  541004)

B F: EPXbRUE Canny REAERE AR FIB B R EAYBREG , (AR (D8 B HILBr e T 1248 Canny
PP IR B, IR B R A AT S AT TR, B T ARt Canny BUZAGINEL, JF
J£T CUDA B0t RE B T IFAT M. SCURZi RaRM], Witk Canny 1 G0 ISR 0E HAT B0 A ST AE
J1, HGRMBCR NS ; 2T CUDA Byt Canny GG NI AT RRE AT B AT AR RCR BT, R4

TR L .

KW : DGR ; Canny 53k ARRERII(EIEN; CUDA

RES %S P208

0 3l 5

PR 114 10 25 G I 2 1] 5 A L 5 e T 22 1)
WNHEZ—. BB ZGIE SR — iR R K EE A
AR AR X3, EBAFAET HAn 5 HARZIA]
ARG sz, XS Xz (E, 2 RS
SEAMRHE . BB GPa5 5 BAETERE% A
Fe g RS R AR S5 R DL K B AR Z 1) 1 4
IR AR A, X LEfE B HARIRFIE R, ik
WU i 19 S N O A AR OHL T A AR
1986 4F Canny fE3CHK [ 1] Ardei 7O i e
SEVERE Y = HMEN . 1) 5 ORS00 D - A
I G LV E S PR B G Y s 2) [ R B
YEN  SRAGAN i S () ABE S5 O AT BE 9 /0y, o
AOTRIR EL fe K5 3) B30 S g o ofE U RS T g ik >
M A0 25 1) g oz R 22 A o B2 1) 2 A, T HLRERS R
AN R AW o [, Canny f 4 =i
WIHE S T — MR AL S A I 535, B Canny i
GRS o Canny AT INFIE D T e 5810 %
AN 532 7 52 o R 150 i A6 0 20 2R A BRLAEL Y )
A, R BT TR R AL B TR I AT

Wi HE: 2016 -11 —19
HEE£WmAB:
EE B
530

(3): 494 -500.

XHEFRER: A

FUGR BIFIHL e H AR S5 40

—HPOK, ERAEIEGUR T 2% H #RAEXT Canny
DGR E LA T4, SCik [3 -6] EF L4
Canny $ AN B TSR BRI EA T 1 AS () J T 1)
ook, I IR T 2R G A Canny 3 4G
VL. X E B AESRTE T Canny 0 245 T 25
FRERE M TR BsE, 3 N T Canny 31 546 I 53 45 119
WHEZRE; 7—Jrim, XK it/E K Canny 57
BAKIHJEIE T CPU I W BTk, WA BR 4
PERMEET:, Bk B Z 3, S 80
BB RR RIS, FORBEANI B, 3T EIE A
FAE GPU 1 = PR RETH 58 7 (B R Ak 2 451 35 52 3] Bk
BEMER, A0 EHAA5N Canny 31 245 D
SR R SO T S O AT R B |
SCHER [7 - 11] #4E GPU -5 ESLB T Canny i1
SR ) = RE AT, IE BAKEE GPU 3K 1Y
THAERE I R & T+ T Canny 536 TSR ROR
FRAEMATEEXS Canny S3E TR B PR T
— S, ARSI T INE Y GPU - A 1 = 1k fE
THEREME, (EX Canny i1 %46 DN 53 125 1) fe 43 %%
ORISR 18 A IREN 8

I SR i BORBIEFE S TRl 1 H (SS2013AA122801 ) 5 ) P4 X WFFE A BB 314 5T H (002504216008 )
W (1977—), 55, WL, BIES, . HBEERRL, gwlan_770728@ 163. com,
WEHIC, REH, KR, . —FhET CUDA Mk Canny IZRAG NG [J]. EEARE R4, 2018, 38



%33

S0 — LT CUDA ARk Canny JZ AN SATA

495

AR TR (6 98 P 53 15 B e 1 £ 58 Canny
SRET R TR BTk, JE R R B (T S A
PEAT TRkt PR T — Akt iy Canny B GG
Wik mTARR RS g P FA T R RO, 4
Goi A TR O R B RE AR A, IR AR 3
TEBGHR Canny AT INFIEIERE |-, 25T CUDA
HMAERAE GPU -5 BT IR S B 1 Rkt 5k
WAk, LA R LM, T CUDA 1t
Canny P Gk N FATHE AL G I 25 50K 1 7 1
FREL T4 Canny 3 GG DN S0 E A0 A AR 4 O T 1
AEST, HIDZRA I 08Ok A5 FERL R is 1T i
[BIJ7TH, o T XHE S Canny 53k A BESI AT
IR RRRAR (A B S IL I AR AT RS AR
S8 B M PR 5% 14 300 5 A 00 o 3 R 114 I ) A1 45 T A%
Gely Canny AR FILA Frigm, miZET CUDA
ekt Canny 31 R IFAT 51K SE GPU 5K Y
THRRE S AE T 5 AR T T A B Bk ST 1 A AT R
ARRTH,, BRAF T Hok 24 fERY IR L o

1 Canny 3 ZAG 5232 e K Bk 5

RS Canny 2 I 53k H Rt e A0 45 dn & 1
B s LA 9K

| R |

JEAR A

| msmEkeigs |
v

| mmbgsERngEE |

1 Canny 1 NEERE

Fig. 1  Procedures of Canny edge detection algorithm
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Improved and parallel Canny edge detection algorithm

based on CUDA
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Improved Canny edge detection algorithm based on CUDA
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Abstract; The Canny edge detection algorithm is one of the most widely used algorithms in the field of digital

image processing. In this paper an improved Canny edge detection algorithm is proposed and implemented with

CUDA based on analyzing the defects of the original Canny algorithm. Our modification to the Canny algorithm

includes: (1) Utilizing Gaussian Filter with the non-local mean filtering in noise smoothing to improve the anti-

noise capability, (2) Improving the calculation of the gradient magnitude to ensure the stability of edge detec-

tion. The experiment results show that the proposed method is more effective and has better anti-noise capabili-

ty. Moreover, the parallel implementation of this method by using CUDA achieves quite a high speedcup, com-

pared with its sequential counterpart.

Key words: edge detection; Canny algorithm; non-local mean filtering; CUDA



