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Abstract

This thesis presents the algorithm for augmenting the processing speed
of Sobel and Canny edge detection. By reducing the number of arithmetic operations
and data loads, the processing time is reduced. Our proposed method is purely based
on software approach which does not require any accelerated hardware. In addition,
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detection, our algorithm can augment the speed of OpenCV’s Canny edge detection
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PUIUTDINUIBUTTIIANANIINITATUIlR L naY 9 nulgUTENIaN 1AYaYNIEINLNIT
aulugdwmheUssuananig 9 Tuanuauen1sy9inuluuIuIY %qmﬂiuia‘ﬁﬁﬁﬂﬁmﬂﬂu
N9¥9ULUUILIURE 1Y 1151 MPILag OpenMP d1uuuImnedl 2 Ae mﬂwmm
YsgLan SIMD (Single Instruction Multiple Data) 1umiﬂiumama Fadumsaudumsads
Weandransalinalavatedeyalunaniviiu 4 o |ntel1@msqmmm AVX (Advanced
Vector Extension instructions) 1nu§uussuszansnmuuaniinenssunouiinmes iiletae
Timdaannsadnnisiuesduszneudeyanarsesdusznauls iliiinisuszinanadisnd
Ju ﬂizﬁw%mwﬁqﬁuLLa3mﬁ%’mmssﬁ’ayjaﬁﬁﬂizﬁw%mwmwﬁuﬂlwmm/imaLLanﬁmsﬁ’u
AI9E1UYU NMTUTEUIARANIN N15T1DIMNIINGIANANT NITTATIERNINITHY WAL
a¥aluina 3D wazmsleeideyaiidvunslvg

fideiadimmmaulafies@nuinisdfiuszdvsamueansUszaanalunismuesun i
Tnelavasmeynmds AVX vuantnenssusiaines Tnefqajimnglunsidefieliszuy
ansafiuauilunsuszanananlaglifesiisoneniauniou

1.2 uddefiiendes

G. N. Chaple [1] la@nw1US e Ui ud awnnA 195813 190 3813 uN15 T UAISUN
YDUAINID Sobel, Prewitt az Roberts laglavinnisnaasslss@nsnmeussion1sdis q aie
nswaunlusunsulaeldniwr VHDL vuuesa Field Programmable Gate Array (FPGA)
NANISNARBINUINID Roberts T9815ALISIUNN580ALUUDANDS NUL DELALIIUIUYDIAY
sdunislunismueuniniesnintiinsves Sobel uay Prewitt issnnldiaediualunis
ﬂauhq%’uﬁﬁmmmﬁﬂmﬁ Fildanuaziualunisiiveunini douni135ou dau
Uszans nmlun19nsiasumiveun1nee s Sobel Yufini135uoe Prewitt wag Robert
\Hosnansansavdumvesunmildadenninisau

R. Menaka [2] la11@uen1589nituun1snsaduniveun1nlaeislaluavuuase
FPGA Tnaidonldansauslunisnsiadureunmlnedlauaiidosanlasiadwesdans3viy
NM3n519sUTeUNMAIA Rl UaULTINA LS T uTlA L AR eAd s uAUSNYIT RIS ALS
wazdsansavinliandyyrsuniulaendie R Menaka 39U L@UDITNITATINTUMVBUAN
TneAslaiuauuuesn FPGA Jawanisvaaaslunisldensausnsiasureunnlagislauauu
Uasa Xilinx spartan 6-XC6SLXA5CSG324 FPGA anunsaannisidndaruuazifivainusaly
ASMVBUVRINNLA



A. Jose [9] laAnwlUI s UL B U BLANAITENINA A NTUNITIUNI T VO UAIN
8015619 9 laun Sobel, Prewitt, Roberts wag Canny lagladin1snaasudivuifisuday
ﬁﬂﬁﬁmwuuﬁugwumaawwswﬁLmai‘ﬁm 9 Us¥naunie Peak Signal to Noise Ratio (PSNR),
Mean Square Error (MSE), Maximum squared Error (MAXERR) uag L2RAT Iaglalusunsa
MATLAB Tun1svaaes #u3138n1s Canny imangaudigalunismusunim esaindinaig
Ramansluniswiveunintdos wavausansiadudugiasuniuldfiniidssu wiineeld
nanunilunsuszinananmusliseanslunsvouninlédfiige

H. Amiri [10] li1iiaueisn1saeulaqdud oy adid s AVX uagld Intrinsic
Programming Model (IPM) Tun1swaunaaiusalunisussanana lagladnausislunns
Uszulana 2 LUU A®35n19 Broadcasting of coefficients (IPM-BC) Wa e Repetition of
coefficients (IPM-RC) waziunlouiisuszaniamanusilunisaouligdulaenisld
Gnu Compiler Collection (GCQ), Low Level Virtual Machine (LLVM) ka2 OpenCV Tng
NsNAEUAIENTIHADSILATIVUNIALANANSTURD 3x3, 5X5, 77 LAY 9x9 lunsmauligiu
HANTNAFBUNUINISNS IPM-BC way IPM-RC darmdalunisusyanaiiininisniseng o
frhuFeudiou waedsnig IPM-BC fnnuaunnnin IPM-RC

Yonghong Yan [11] lsiauenisAnuuss@nsainuagnislonasauaesdanesi
nMsaMYsNduUUTIIUUURRNImesiaRAes 1neld OpenMP waldltutiaseangnimenu
arusilulszanana wasUssansnmsiundsnuiidmansenusevtionnus lagldvins
nadou 4 daneiviu taun loop chucking, recursive tiling, hybrid tiling Wag Strassen’s
algorithms wathudTsuiguiunisldlavssuinsgiuvesnisauiunin Intel Math
Kernel Library (MKL) Immamﬂmi‘v]maaqa‘"aﬂa?ﬁmmiqmum?mﬁwmmm loop
chucking, recursive tiling, hybrid tiling , Strassen’s algorithms ag MKL ‘U'ﬁﬂgﬁ'ﬁ MKL
fiusvansnmiiinindanesiiudu ¢ dmsunisaauninduuinlngindt 1000x1000 wagdl
TIUIULETALULAY 32 1550 LANINTIUIULGIANINAL 32 L5TA 9ane3iu hybrid tiling
fiauEiuinninisnisdu g drunisddamiteanusiisnng Strassen’s algorithms
Sandumsiidsuasiiinfigaisassiliuszndansldwdsemldfng,

Hassan [12] lniiausdanadfiuieySuussssdnamvesnmisaauuninday
FFn1su1gaand s AVX 11lgarusauiunisvi blocking N15%1 loop un- rolling N9
prefetch waglain OpenMP wlglunisnszatsnulimianudnvuzluvaun Lananis

a = U aa a sy s P s
nageun T U UAUIS NSRS ngaensldlauess MKL Fudulaeituinsgiuly
N13AUINNIAAAIEATURY Intel HAaNITNAGDRUTBUWIBUYTINGI1ITN1sALauedl
AN ITANTUIReIRd e 18.20 way 14.10 Wesidu d1SUNISAIUIANNTT y=AX LAY
T o o a o dy Y o a a ada a ¥
y=Ax gruasu waglunuideiladnauenannaeulisuiisuisnslsulusunsunig
YAAIFS AVX LU Inline Assembly Wag Intrinsic Function Kan1snAaaanud 3501519



Intrinsic Function §A111159110737 Inline Assembly Tun1sATUIENNNT y=Ax Wag y=A'x
Tnelade 20.25 uay 30.15 Wesidud aud1su

Wenge Liu [13] ldtiauenuusiassaunisraudedidvmhenmiusiuaznisiiuim
Fugauvurniu vudily 8 Core domadeulusunsuludnvasunndstufe Wansuwuy
ounsy Tsunsuuuumnulag OpenMP TWsunsuiiwailudnuas SIMD fonnsldynds
AVX azTusunTu7 i1arus A usEnd19 OpenMP Uaz YA s AVX HAN1TNAADY
UsgAnsninenuifiiutuwediinmsiiundeulusunsudofeudeuiuiznsmaden
TUsunsuuvueynsy wuinisnsdeulsunsudae OpenMP dAiiufindy 6.7 1
Fnadeulusunsulagldandds Avx Sanudufiutu 3.8 wh uazUszAninmussanuii
fiiuTuainnsuszgnAuuuganisldaueesnisld OpenMp saufunisldyndids Avx
anansafindsEavaimenasale 25.4 wh duandugui 1.1

Efficiency of different schemes

6.7

3.8
) — I

Single OpenMP(8) AVX OpenMP+AVX

JUN 1.1 AnusiniindudloSeudioudsnising 4 Tunisvnassves Wenge Liu [13]

13 dnguszeasd
WatiuUsEanSa nven1sUsrInaralun1sMveuAMmEYAAET AVX Feviauuu

annUnenssudadnas

1.4 ¥aulUnuIY
Wawdsnsiiuyseansamuenndindulszananaiivomvaunn lagldyamds

AVX vuaUnenssusannes



1.5  UABUNITIY

fuil 1: Anvuimasazoonuuuisnmssidunuide

fufl 2: A Bmsmveunn

uf 3 WuuTusunsuililunsmvsunmieiluuaiiinauelngldgndds Avx

Fuil 4: vegeumImveUA IRl aTaueUS BB U unsTdaddulnua
Tulaus3u1nsgiuves Open CV

ufi 5 WuuTusunsuililunsmesunmieBuauiihinauelasldyadds Avx

Huil 6: vegeumITEUN NI LALTTTIaueSB B R UM ST T AL
Tulaus3u1nsgIuves Open CV

fufi 7. ‘U%J‘U‘UEQLLﬁ%VI@ﬁ@UiSUU‘ﬁQi%UU

il 8: aguna Fmvirenuativauysel

1.6  Uszleninaninaslasu

AU NUIEANS A nvaskannaATuUsEIanan I taeludesldansauwisise
A3 1wu nsANNge Feldndsnulumsdszaianags

1.7 nswensntyluszuu

MuAdsatull §ideldvhniseasuiaiiudseAns awlunsmveunmlagld
YA AVX vuiaiesneufinnesanninenssusiafnef Ssnuauifveosgunsniuazaonduad
Addmsumsaaeuiismeluil

1.7.1 Meazideavasgunsaiiililunismaseu

1. mhgUseuiananana (CPU) Intel Core i5-1135G7 2.40GHz
377U 4 Core Wag 8 Thread
NUIYANUTIAY L1 97U 4x48 Kbytes
NIYANUIAY L2 37U 4x1.25 Mbytes
NIBAMNIILAY L3 91UIU 8 Mbytes

2. Md18AUIMEn (RAM) DDR4 16GB

3. MIeAINTIE1509 (Hard disk) SSD 1TB

1.7.2 gavlduasiildluntsnagau

1. sguuyuan1g Windows 10 Pro 64Bit

2. TUsunsu Visual Studio 2017

3. C++ compiler

4. Sqﬂﬁﬂébq AVX (Advanced Vector Extensions)

5. OpenMP version 2.0

6. laus13 Open Source Computer Vision 4.5.1 (OpenCV)



UNA 2
a o a A ¥
‘Vli]‘ls‘{] LASKHANNTINENYIVDY

VA

LﬁawﬂuwﬁﬂumiﬁﬁLaual,ﬁjamﬁ;p “aiéfﬁwmiﬁﬂmLLazi’msam?{mﬁ’wqwa uag
vdnmsiAsatesiunuideifieifisdssansawlunismuouninlagldyadds AVX vy
anndnenssusianned stimsinausttesd

2.1 MTUTTUIBNANN

2.2 MSANEUNSTUNITMVOUAN

2.3 MSMVBUNNIALTGVRILALT

2.4 mﬂi’ﬁ;mﬁﬁ’q AVX

2.5 Mseuldsunsuvuantnenssudadnas
2.1 N15UsTU@NANIN

msUszananammilesyuuldfuteyanmezdunauazdseenuiduteyaiilduny
foyanm mafiudeyanmanmhsanudwesresimesiivludnuaziuusonsisd dady
lassassvestayalivatedd lnvaluwsagduniuansdenuantfvosganin (pixel) n3e
Arruduvesd (intensity) vnliunisasiosesisdilummimuaduniaeganin

daunsdanugunmazdniudeyaresninliluguresuving auuAina miivuie
MxN (LIxABa 1Y) AN1899AATNYDIN N UNUAIBIAVTILIULAY Aza1u1508195 9
wvEndle fau ganiwite a dumisgaiudieden (v, ) = (0,0) wwhAULMEAS wn 7 0
AOANYT 0 LLazﬁﬁ’ﬂﬁaavJ'LLmLLiﬂﬁm (x y) = (0,1) U3 nduaafi 0 aeduyl 7 1
3UANILALIUNTTE9B AN NVBININ

Usglnnveen1saidun1svesgunin[15] (Image Operations) fiausaululdiu
mwﬁ%mamﬁamﬁlﬂumwﬁuwm alm, n] lﬂé’ﬂmmmwm blm, n] a1unsanuananduany
Ussiandamsnsialuil

M13199 2.1 Uszianveen1saniiunisvesgunn (Image Operations)

Operations AANYY ANnugugeumly / fina
. AMDMNANAARIRNIZLY TuagiumBunai Lo

Point S VA 7 ANAIN
AR N LTI
AldNRTinARNziuTuegfuABuNRlY

Local NUNNAAEIVBINNAREINULY taai1rua L P2
Nunlna@esnanandounn PxP Ainwa
AlANRTIn AN IzTuTNeg fuA I aLaly 5

Global - 4o - N
ANBUNA LN nTYIN NxN WinLa




o a 2 A 2 a aa o & |
nsaliunisvesnmduniugiulunisussinananimuasidudaniiaudnlusanis
USLUIANANINAINDA FIkanNIF9819735n115A L TUN5YRIN N fiabull
1. msandunislunisuinnin Clx, yl = Alx, vl + Blx, y] Anednadidinaaniziuy

[
[y

FuagfiuAmavualunmBunn faanseg1alugui 2.1

JUN 2.1 nsaiiunislunisuinam [15]

2. MIAnduNITIUNITAUAIN K30 mimmmumﬂmwaqgﬂmw Clx, vl = Alx, yl -
Blx, y] vnlvanansasinnumasiliseniseents dansegnslugun 2.2

5UN 2.2 mssliunislunisaunn [15]



3. msaniiunistumsaanin Clx, vl = Alx, y] x Blx, y] lusglenidmsuns
masking kazn13vi1 alpha blending fanansinag1alugui 2.3

JUN 2.3 MsAniunislunisganim [15]

4. msanfiunistunismeaadsvesnn lnensiemate q amidunimdeaiuum
ARRYAIBAY Clx,y] = 230, 1, [x,y] Bailsslovddmivnsdndyagiusununiglunm e

Mogalugun
— |
=
— < ‘
—
[
—
- e @
= = x
Mag ,.
Iy I C

JUN 2.4 nsaiiunislumamAeievesnn [15]

5. msreulgdu (Convolution) lddniunisnsessunin Aenseviiusenitueesiua
(Kernel) fuimawan (Template) Laasiua Ao wainduuin mxn vesyadalaviiaziily
Fourtunmidunising q evradwsvosnsaeuligtu Srdvualiiaediua K(m, n)
wazmLman T(x,y) Nsrouligtussninanumaniuinesiua dauns fe

a

b
OP(x,y) = Z Z K@m,n) *T(x —m,y —n) 2.1

m=—-an=-b

FBnseeuligtuivihiinmeadnsdvwinwinduainsudu Aensiuaaugusiam
U 9 AMSUAY Wevhliamsusuivuiaivgu ndninnisaeulgtuasldnmnadnsy
= o a Y oa o =
fywavihiunmisususudslugun 2.5 uag 2.6



AVSUAY AMEUAUNRINLFLFUE WILILNER DVEAENS
00 0 0 0

1 2 3 01z 30 12 3 26 56 54

4 5 6 0 4 5 6 0 * 4 5 6 = 84 165 144

7 8 9 0 7.8 9 0 7 8 9 134 236 186
a 0 0 0 0

UM 2.5 fegrnsinneuligdu

* filer2D Q =

elsviSeuatin..dou 3

JUN 2.6 fog19n13A0ULITUNINGTY YoumImanvwIn 3 x 3 agld OpenCV

2.2 A1SAIEUNITIINISWIVAUATN

nmsmveun M uiiuguiidAyuenisussianan wlunans ety 1wy N1uUs
A7UVBININ (image segmentation) NSANUARILINYININ (image registration) LaznN1s
$913ULUUAMN (pattern recognition) B4AIALIUNTIATIVTUMNVBUAMUTENBUMEY

2.2.1 MsauNnlagmadunsioua

nsvrvaunnlaedaniunisleia (Sobel operator) Wunafiafi ldiuegns
LL‘W':?"VimstumsméuaumwT,mwé’ﬂmiﬁugmmaﬁ%ﬁjﬁamiﬂauhqﬁu (Convolution) Tu
LUILBULATLUIRS [16-18] Fuduisilududounarldnan1sns199ureuRia [19] n15m
gouamlagldinsiuaruin 3x3 s1uiudedAssiua Tnoinesiuausnagldiienainiy
wansnslulnuLLILeY (G,) wasinodiuadiaosasldifiomArauunnansluunuLLafg (G,)

[y

fail



Kernel X Kernel Y
1,01 1121
2 |0 -2 0,00
1,01 12 -1

JUN 2.7 iepfluaiuiusukaziuifivensnsuligiuresnismveunmlngIsleiua

10

Fsnismveunmlagislauarilalaenisinaesiuansaesluviinisaeuligdu
(Convolution) funw A1ndutAduysalveranisaeulgfuilauiuIndeiu aglamn

ANULTVDIVBUNMIAETTLUUE |G, |+]Gy | Aesiraenslugui 2.8

MwAuatu
00 0 0 0 0 2
00 0 1 0 0 0
0 0 2 0 2 4 3
00 1 3 3 4 3
0 1 0 4 3 3 2

o o 1 2 3 3 4

-2 -11 -10 O 1 2 -2 5

|Gx| + 1Gy |

6 4 10 14 12

4
6 8 10 20 16 12
4 10 14 10 2 4
2 12 12 2 2 4

Y 1

JUT 2.8 F79819NTMAIAIULIIVDIVBUNNAILTTILUA

2.2.2 ANSWVBUNMNIALITNITAMIUNITVDINIINN

14

6
2
6

4
0
4
8

A

NI UNINIABITNTANTUNITVOINT AN (Prewitt operator) AT UNT
Prewitt IANUAAIEAAINULAS DINTI9IUVBUVDT Sobel Taan1stLAastuatun 3x3 U1vn
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n15AaUl1g U (Convolution) TuwuIuBUKAZLWIA LN BN Gradient TULWILAY x kAL
LN y wangluguin 2.9

Kernel X Kernel Y
-110 1 1 /1)1
1101 00,0
1101 111

JUN 2.9 1ABSIUALLILBULAZILIAIYDIN1IABULITUVBIN TNV UA LA TENTING

2.2.3 msmveunmlagdisnsaiiiunisvedlsidse
ax o a ac & ad A '
nsvaunNMlagIsnIsALiunsualsidse (Robert operator) 1WWISN15N8ME
NsAwILIvEUNN Tnensldinesiuarunn 2x2 awanslugun 2.10 1vinisreuligdu
(Convolution) TukuiteulaziuIRwianT Gradient TULWILAY X LAZLUILAY Y

Kernel X Kernel Y
1 0 0| -1
0| -1 1 0

5UM 2.10 inasiuakuIuauLazkIAaINIsAaulgtuveIn sIveunlag s lsidsn
23 MsmvaunmlagIsvesuauil
nsveuNnlaeiSvesuAuil (Canny Edge Detection) [20-25] 1u3sn1smsiagu

vaundudou IveutaianainnuazliannInveInIsLudIuA Mg uinealy
52821AMUNTAUIALANIINTY ABILINTLUIUNNT 4 TUNDUNSNUTLNDUAIE

Gradient
Non maximum Double
Noise reduction m] magnitude III] m]
suppression thresholding

and direction

5U# 2.11 FumunismveunnlagIsuaudl

1. nsUsuadieandgygyrassunau (Noise reduction)

Advaudaziiniwavesgunmazgnusulagldiinseunidideu Feasraniinin
wvisnggey (mask) @1usunisnses legldaunisindideu
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1 _x2+y2
e 2 (2.2)
To

G(x,y) =
= I o 1 a a ¢ 1 <3 1 a 1
b (X, y) Wumunisesaundnluwnsnddes wag 0 UuAmsimes

2. MImTuIaLaz iAo sildsunUasand (gradient)
AIUMTUINTRINTIUAULUAIANE (gradient magnitude: M ) wagiAN19v99n13

Wasunlasrnd (gradient direction: o ) Ingldaunisnsil

M(i,)) = /g,%(i,j) + 923, )) (2.3)

S 9y (i, ))
a(i,j) = arctan (gx(i,]')> (2.4)

e (, ) A9 Funusvesiinia g, Uag g, A9 gunveIn1sasunlasandluu x
waz y muadu J9Aves g, way gy @ansanfiun1svmilavasds wu nsldninninues
franiunislsidse nslentnnInuewIR L EUNTNIING YoM SIEntIN1NYeIIALdung
[CRIGRRIY

3. msiansanveudulule (non-maxima suppression)
o a a & PP I~ 0o W Aa A 1 1 5 1 dy
mvusinwaMmiululanaziduveu wazidninwanlalyvey mutunaussllil

3.1 fsaniamevesnsilfsuwlasmddmivusaziniea A1 arctans Faeg

(%

Tua9 [-90 ,90] W 4 9rages wazyinisusuan fadl

01 -22.5° <afi, j) < 22.5°UsulA a(i, ) = 0°

01 22.5° <al), )) < 67.5°U5Ul adi, j) = +45°

01 -67.5° <afi, j) < -22.5°U5Ul# ali, j) = -45°

a1 al, j) < -67.5° %39 al, ) > 67.5°USU ad, j) = 90°

+90°

+45°

90°

5UN 2.12 Fon1suiadgegvesfianamsiuisuuwlasend [26]

3.2 Wisuiluruiavesnsilasunlasrdvesiinwaiiiansanfufingad1afes
$1uau 2 finwa Tufiensvesnsiasuulas Tnedmualnduseuidululad
oo YuInveInIsasuLUasAEvefinwaT LA R A UTUAYe S
mMswasunasndvesiineatnadusia 2 finwa
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4. msldanaeansszau (double thresholding)

szyfinwadiiduveu Tnsimundiinneigs (T,) uagAnnmueis 7)) LagRiansan
wnzineaiululailgantunoudt 3 dil

- Srauavesnsidsundasadvesfinmaiidnuinniviewindu T, asSenfiniga
thiin veudiu(strong edge) waglivouduluveuvesgunm

- 5’1"UU’1W‘UENﬂ’liL‘UgEluLLUaﬂﬁ’la“U@ﬂﬂﬂLsﬁaa%ﬁ'ﬁzﬁ’i’N T, uay T, avi3eniinigatiuin
vauliidy (weak edge) wazaaulaiduaviduveu afifnwatnafeesetos T, inwaidu
YOULUH

- Srunevesmsiadsuulasidvesinwaiddosnd T, Winwaduldiluveu

24  nsldyadda Avx

n1sldyard s AV idunisussutanaludnuazaas SIMD (Single Instruction
. = & o a & o v ) Y v a )
Multiple Data) @ e.Jun1saniunisasufeualaunsalinalavatedoyaluniansedny
YAAIFS AVX azdisTamasidaiuauin 256 Jn 97uu 16 d2 lawn YMMO-YMM15 &9
\Rawmesuiaziy nuAdayavlinuazuuiang 9 Aulddsil

- ustarTuduILin 8 O la 32 6
I3 L% o @ a 4 Y3
- AuFtarTIuIuALYWIe 16 U8 16 16 67
< o o < a v Y]
- usarIIuduILn 32 99 16 8 6
< o o < a v Y]
- usarIIIUdLILIn 64 U8 19 4 67
I3 LY a a % LY}
- Ausanetonauin 32 On 16 8 ¢
< Ly} a a ¥ Y]
- ushanedonauin 64 On 1 4 ¢

'
[

o o v Y S < J [ a
YA AVX ﬁ’]ﬂﬂii‘l‘l/l’]\ﬂUﬂU“U@@;JlﬁVlLﬂ‘UIUE‘ULL‘U‘ULﬁ‘U"\]WU'JULWlILLagV]ﬁuEJﬂJ 1ng

'
o o

a1unsaldyamdslunsuszaiananendinmansuasassnsiudeyanaty | Jeyalaenis

£ d o

AMIUNITANFUNYIAFNAYT FID8710YU

A3 l A2 ‘ Al ‘ AD
| B3 | B2 ‘ Bl ‘ BO ‘
) Y v
OoP OP OoP oP

ATOPB7 | A6OPB6 A50PB5  A4OPB4 | A30PB3 | A2Z0PB2 | ALOPB1 | AOOPED

JU# 2.13 fhegramssiiunisiudiiay 32 Indnuiu 8 Amseu q fulaeynds AVX
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ns@eulusunsuiiieldands AVX anunsavile 4 35 laun

1. M3TeullsunsunwkeaNUiiialdynmas AXV lnense

2. MaBeullsunsunBuagldisunsnlannwieasuudludnuue In line

3. MaTeulusunsunwszavailuudildmnuaunsovesneulnaaslunisulaian

[ [ o o «

FLAVFUUUANANLATOY AVX

4. malvulusunsulagld Compiler Intrinsic wn3sn1sndeuld Ao n1si@eulusinsu
Awrseevalagld Compiler Intrinsics Tuunilazendisgranisldnuniwdlunisisenld

W9 Intrinsic Iae Intrinsic function 89 AVX %ﬁ’EULLUU fail

__mm256 _mm_<op>_<data type> (__m256 a, __m256 b)
__mm256i _mm_<op>_<data type> (__m256i a, __m256i b)
__mm256d _mm_<op>_<data type> (__m256d a, _m256d b)

IzuiuIYlanvesdeyan Wandu Intrinsic ¥93 AVX atdvayuazdauyin fe
_mm 256, _mm256i, mm256d @usuiardiuiuiy daaaneaioy 32 96 uaz
Faanatlon 64 Un AUARU ALaINATENIA0IvUINIEBINNNINTEIY IEEET54 Heridu

Y

Yeg19ns1dAdas AXV wandlugusalull

void add_avx(float *a, float *b, float *c) {
~_m256 aa, bb, cc; // ANUAGILUT YUIA 256 s

aa = _mm256_load_ps(a); // waniiavaun 32 Sndruau 8 ¢ 1nulu aa
bb = _mm256_load_ps(b); // lnaadavaun 32 Sndruau 8 ¢ tiulu bb

cc = _mm256_add_ps(aa, bb); //UinA1 aa wag cc S1uau 8 fandouiu tiulu cc

_mm256_store_ps(c, cc); // Aium cc nauludanesilnes

5UN 2.14 fegramadeulusinsuuindaiay 32 Induau 8 Amseu 9 Aulagyadida AVX

JUN 2.14 4anedd9819n15U58gnd L9 AA1de _mm256_add ps dmsuuiniay
nadey 8 fmdau 9 fu lneszdunaiiuinmnsfiwesdunmlusianesiinosvenainatioy
999 Wady _mm256 add ps suadeyavidn  m256 ududeyaiavneiay
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[

win 32 U0 9103U 8 A1 ST WINTaNImUe 256 Un Ineyardadu 9 a1unsofnyiiusiy
19ann [27]

2.5  nsWguldsensuvuaantaenssutiannas

nsi@eulusunsuvuaardnenssusiannes (Multicore-programing) LJunsideu
Taunsulvannsaldauaunsnvesdfglutagtudsisiniunesiuniuldegadnd
iielfnsustananaianusuiintulnensdeulusunsuliianismaulusuureanis
nszedeyaludmiteysyiianadie q iYleiuuszananaludnuugnmsmuiaLuuruiy
(Parallel processing) FensUszananawvuruy iumsuisnuesnifududnluiazau
unfaUszanananats q drlunaimdendu faguil 215 Usslewdvasnisldasnisd fe
widameesnummalnglld lunaiidaiu

problem instructions

IN i3 12 1

JUN 2.15 nsuvsnueenilududnbiunfmusziananate o f vihaulunamfeuiules]

|

|
|

!
!

walulaglumsimunlsunsuuuusunuiivannvans ienevaussieannenssu
YoaiATeIUsTInaNaLUUTUIVAesULUY Tasaninsautseenidu 3 ngumdnie

1. nsldmenlniaed fiaud a1u150uUaalusunsuuuunINaIf U (sequential
program) TAtduwuuvuu (parallel program) 161 1 KAP

2. msldnmlmifeenuuuiiiensieulusunsuuvuruulnoiams 1wy yamas
A1U3YINNUVUINRDTYI B NINGYRIToyala W OCCAM #30as M WIlAgveIeNaaIn
A AAToEgUAD 1wy Fortran 90 uag C
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3. msldlaussifiudvdunsdansusunsuuuuruus ufunwified wu C
%39 Java rs?'f';ashwaﬂ,ausﬁﬁﬁmﬂummgﬁﬂuﬂwﬁuﬁa MPI (Message Passing Interface)
Faldluniswmuilusunsudmivanidnenssuwuunitennudinseane (Distributed
Memory) wagbauss OpenMP @ sldlun1swaunlusunsudmsuanidnens suuuy
e NT193 (Shared Memory) Tnpiidnwauzsaguil 2.16

5UN 2.16 dnwazvauAIBIRUUaInIeUsTIaNaldrleANd Uiy [28]

2.5.1 M513gUlUSUATULUUTUIULUUAMUSIIUAIY OpenMP

laus13 OpenMP Tdusglealandin (directive) Tun1srauszaulusunsudszynd
@olwanunsafmulusunsuldazmnuashenitlavmiuuudug uandunasgudldldsu
Wmw C uag Fortran TneUselealasniinazidusituusldnoulnaeimsuinussinlages
Uszananauuusu Uselealadniniidnusarlnsseadiased

#pragma omp <rest of pragma> <Clause>
Uselealalsniinusenausme 3 @ Ao

1. #pragma omp tJuduvenlireulmassnsuinduladniivues OpenMpP

2. <rest of pragma> fi® pragmatic information FadudeSunnisianunuueuny
ANYULHAIN9)

3. <Clause> Lﬂumumwummaﬂwm“ (attribute) Vo9 pragma Inausiay pragma X
aaeafuan1sty mlasniinlalisyynasa audnuazves pragma fuagiidndudisusy
(default)

Tusunsuwvvruulaeialiauisautseantdidu 2 Ussinn audnwaenis
waunIgUliingm (thread) vi3e TWsiwa (process) AoNT1sulaUBIteya (Data/Domain
Decomposition) LagNISWUSULTeATU (Function Decomposition)
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Tumaiausuudsdayatumsaudasdviauuuuiontu uilddoyafivi
Uszananaunnaiaiy wieanananldiulsdeyailuddesdiiusazmheyussananaiily
AU LAY pragma ﬁﬁlﬁumiﬁ’muﬁumm%ﬁayjaé‘f’m&imﬁu pragma parallel for 74
wamansldaudegul 2.17

#pragma omp parallel for
for(inti = 1; i < 100; ++i)
{

C[i] = Alil + BIi]

Uil 2.17 fhegnamadeulusunsulagld Openmp
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uni 3
LUININISIY

N151199UNIN (Edge Detection) lneldnuinsgiutduisnisiildiaiuiulanig
AwniaUszanaralun1smveunIn §idedelauuifnlunmsusulslaenetenuaninuiy
asdtunsAanagnsdiiadoyaauiiominauslunismveunin Tuanddediideay
wlshuInansisseenduaesdiundng d@ruusnAenismIsiiuauslunismaesunin

aa . ' a I o aa a 2
Y993510ua (Sobel Edge Detection) kazdiufigedazidunisiiznislunisaniiiuninuss
19335 wualudiuusnunussgndldiiowauianusilunsmasunmvesuaut (Canny
Edge Detection) #auwimslunisiinaanudid@msunisnsiadumvsuninaziiaueiade

1Y

2N

b}

3.1 mawfisdszavsamlunisaeulgdudmiunsmusunmseislaiua

3.2 msifindseavsamlunsmusunnlnenisussananadeyanieufumansussin
3.3 matfiuusgansamlunmsmvsuniwlagnisliyadids Avx

3.4 MainUsyansnmlunismueunimlaenisld Openmp

3.5 MsUsgendldmsiiinysgavinmlunismveunind msuwaull
3.1 mswndszansawlunisaeuligdudmiunismvauninaagdsluua

n1sveunInlaedslaiuaarliisnisneuligdu (Convolution) seninagunn
ﬁ'ULﬂaifLuaLﬁaﬁﬂﬂajﬂizmumﬂﬁlﬁ%wmmw é’qgwﬁﬁaﬁﬂﬁﬁ’nauaiﬁmiLﬁu
U%ﬁmﬁmwiumﬁﬂauhaﬁ’umwLﬁamsuaumwLﬂu%gumaumﬂ 1AEAISATIVEDUAIVDUADS
waftazAuia vnnmeduatiufiandy 0 wied 1 avlithenlueediuasumistiusnfuan

‘ﬁl o g.JI o a U aa ‘NI
OaATIUIUATIIUNITANTUNITVDININGS muamaﬁmﬂugﬂw 3.1-3.3

Kernel Image
Gradient 123 PO | P1| P2
= 4 5|6 * P3| P4 | P5

71819 P6 | P7 | P8

G = (IxP0O) + (2xP1) + (3xP2) + (4xP3) + (5xP4) +
(6xP5) + (TxP6) + (8xPT7) + (9xP8)

JUN 3.1 FBnsmilvlunismeuligduiiemn Gradient magnitude
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Kernel X Image
Gradient X
1/ 0|1 PO | P1| P2
- 21022 * P3| P4 | P5
1,01 P6 | P7 | P8

Gx = (PO -P2) + 2(P3-P5)+ (P6 - P8)

JUN 3.2 FBnsidiauslunisaeuligtuiiem Gradient Tukuiueu

Kernel Y Image
Gradient Y pol p1l P2
= ololo| = P3| P4 | P5
1211 P6 | P7 | P8

Gy = (PO-P6) + 2P1-P7)+ (P2-P8)

sU# 3.3 Bnsminaueluniseeuligtuiivent Gradient luwuins

1n3UT 3.1 v Bmseeubgtusuuiluldiuuadilunmsdn 17 s fio
nsadunslunisauduu 9 %1 wazmssdunislunisuaingiuau 8 ads ﬁm%’ﬂugﬂﬁ
3.2 L8z 3.3 ﬂ’]iﬂaubg?'fmﬁamﬁuaumwi@8"3‘5“1‘71"1,1’1Laua%laiﬁwiﬂuﬁﬂmaﬁ@mﬁuma%ma
Ay 0 war 1 wdwa Fsasvilimdesuuaddunsuandios 6 afs Ao Msdudunis
Tun15ausILIY 3 ASs n1seLdunsunIsuINgIuIY 2 Ade wazn1sandunisiunisan
$1unu 1 A%e fadu 91nnsAuasivuadtlunsadiunisiianas ansevilisiuiunds
Tunsadndedeyaanasldmeoduiy uazazdanalviaunsnanszoznauazaiunsalii
Uszansnmlunsuszananaiiemvesuvesnnle

3.2 mswndszansamwlunismnvaunmnlagnisuszalanadayaniauiuvalgussin

Tnelunsidanunisnsndureuninlngdsues Sobel drulvgjagduiumaua
84 Gradient magnitude #iazussin nszurUMsuFuAINinwadean uaziniwadiog
AntuluussiafeiiuazAuiafias inwaauninaglavuinues Gradient magnitude Tuus
ATUITIN ﬂizmuﬂﬁﬁ%’fﬁugiJmwﬁaw33171’@fuum'131mea131€f%’1mﬁﬂizmamaasm
anysal §338150n38M3ddn nsfwamuuy 1 UsTin (L==1) Kuansfegidluguil 34
AouEIeliinaueITNTAIUINNITIAUIAYEY Gradient magnitude Laen1sUsEanaka
fTogandoutunasussinlundazafavesnisduin Saastaeliausaldnadwsvenis
Fmnamendamansiuladay q sauiuld §9imsizannsoandiuunddunsiuan
o éfal,t,am@hathmﬂi’fmaé’wéi";mﬁ’ﬂugﬂﬁ 3.5 uaz 3.6 lasA1nuald L A 91UIUUTTVIA
maﬁagamwﬁéfaqmiﬂizmamaiuwiaziau
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Image Kernel X
PO | P1 | P2 1 o | 1 Gradients X
P3 | P4 | P5 % 2 | 0| =2 = Gx = (PO-P2) + 2(P3-P5) + (P6 — P8)
P6 | P7 | P8 1] 0|

JUN 3.4 N3AWINMAUIAYEA Gradient magnitude Tagvialy w3sluy L==1

Image

PO | P1 | P2 Kernel X Gradients X

P3 | P4 | PS5 L o | 4 Gxl1 = (PO-P2) + 2(P3-P5) + (P6 — P8)

P6 | P7 | P8 * Gx2 = (P3-P5)+ 2(P6 - P8) + (P9 - P11)
2 0o | -2 =

o5 | p10 | P11 Gx3 = (P6-P8)+2(P9 - P11) + (P12-P14)
o Gx4 = (P9-P11) + 2(P12-P14) + (P15-P17)

P12 | P13 | P14

P15 | P16 | P17

5UN 3.5 Wn1sAuIn Gradient Tunwiveumiiaue d§wsu L==4

SUTI 3.5 nadwsesnisdiuanan P3-P5 $1uu 1 ass annsathdmaudilaluldly
MsuaniiewA Gradient lunwiueuld 2 ads Uszneusie Gx1 uas Gx2 wasdmsunis
f1u P6-P8 aunsatnadwidldannsiuiaadadiedluldls 3 ase Aoldlunns
AU Gx1, Gx2 WAy Gx3 LardmsuUNISAILIn P9-P11 @nunsau Hadnafileaning
funnasaden Ul 3 aduguiy Aoldlunisfuiam Gx2, Gx3 uag Gxd vzfiulginnis
Lﬁmi’maulaﬂuLwiazqﬂsuaqmif’ﬁmmﬁ]zmmimhEJamﬂ’wmuﬂ%ﬂumiﬁﬂmmuazmi
dnstoyald SsrdmalinisUszananaiiomvsunmimiui iy

Image
PO | P1 | P2 Kernel Y Gradients Y
P3| P4 | PS 1, 1. Gyl = (PO +P2)-(P6+P8) + 2(P1 - P7)
P6 | P7 | P8 Gy2 = (P3+P5)- (P9 + P11) + 2(P4 - P10)
* ool o =
vo | p10 | o Gy3 = (P6+P8)- (P12 + P14) + 2(P7 - P13)
12t Gyd = (P9 +P11) - (P15 + P17) + 2(P10 - P16)
P12 | P13 | P14
P15 | P16 | P17

U 3.6 T3 Gradient Tuwuiasidnaue dmsu L==4

JUN 3.6 NAUINVDINITAWINAT P6+P8 913U 1 ASY anunsaidmeuitlalulely
ASAUIMNENIAT Gradient Tuuuadsla 2 Ase Usenoumiy Gyl uag Gy3 wazd1msunis
Al P9+P11 anunsathwaansilaannisauiaasanenldlala 2 asuguiu Asldlunis
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AN Gy2 wag Gyd aetuaziiuldinnisiiudiuuladluwdazguuesnisAuiney
aunsativaniiuuaslunsAsLaznsfeyals Jazdmaliinisussinanaiiom
YaunmilauSuiuTy

3.3 maiudszanamlunimnvauninlagnisldyads AVX

madoulvsunsudeiinanuilunsmveuain §adoldiiaueisnsidou
TWsunsuornanmslunmsmvsunmlagldgadids AvX Tngivueld L Ao S1udu
ussiinvestoyaniniidesnisuszananalulsazsou dsazuansiegnanisidoulusunsy
TaAsdinaue dwiu L==2, L==3 uaz L==4 \fielifiudieganToulusunsusaeds
finaue fagvliannsnansiuaundslunsdmauasnindfedeyalumieanusives
aeufiamed iilsianmsaufiasyavsnnililunsuszanananmls

3.3.1 N5 08UIUSHNSUIAEATNUNAUD dI%SU L==2

ludetiavesuredanldluniseulsunsumeyndds AVX Ing3snsiiiaus
eI deulusnIun e @meisndiauslugun 3.7 wasuiuuslusunsulimdunis
Weusigyamas AVX lagldisndnaueluzun 3.8

1 char *pS8 = source.ptr<uchar>(0, 0);
2 char *pD8 = dst.ptr<uchar>(0, 0);

4 typedef short s;

hort DOx,Dl1x,D2x,D3x, SOy,Sly,S2y,S3y:

OEE B0, BL, P2 P3, PA,P5 . P6,/PT,F8,.FI,/P10,P1L}
int source_image width = source.cols;

int dst_image width = dst.cols;

int step2 = source_image width;
int step3 = 2*source_image width;

int step4 *source_image_width;
PO = (s)*pS8; Pl = (s)*(pS8+1); P2 = (s)*(pS8+2);
P3 = (s)*(pS8+step2); P4 = (s)*(pS8+step2+l); P5 = (s)* (pS8+step2+2)
P6 = (s)*(pS8+step3); P7 = (s)*(pS8+step3+l); P8 = (s)*(pS8+step3+2)
1 P9 = (s)*(pS8+stepd) ; P10 = (s)*(pS8+step4d+l); P11l = (s)*(pS8+stepid+2)
DOx = P2-PO; SO0y = P2+P0;
22 Dlx = P5-P3; Sly = P5+P3;
2 D2x = P8-P6; S2y = P8+P6;
24 D3x = P11-P9; S3y = P11+4P9;
2¢ short GOx = DOx + (Dlx<<l) +D2x;
27 short Glx = Dlx + (D2x<<1) +D3x;
28 short GOy = SOy - S2y + (P1l-P7)<<Il;
29 short Gly = Sly - S3y + (P4-P10)<<1;
31 short RO = abs(G0x) + abs(GOy):;
32 short Rl = abs(Glx) t abs(Gly):

3 *(pD8) = RO;
34 *(pD8 + dst_image width) = R1;

sUN 3.7 Mmaeulsunsumedsninauelagliniun® dmsu L==2
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Asldun1e@lunisdeulusunsudmsuisnsiiviauslun1smIveun MUY
L==2 Tnelusunsuluguil 3.7 vssvindl 16-19 \Junslvandeyainnmdnau 12 inwa
wasussTiad 21-24 Wunseunamliarminiiefunasnsianunsadunldmunsuiu
16 & 993ui101F U Gradient magnitudes Tuussia 26-29 91U s HadNE
¥99 Gradient magnitudes Tunununuueuwazunurailalufmuamvsuvenmluussving
31-32 9eiuldindinsdeulusunsuuuuiiiaueaninsaansuuaesnsmuialdlng
Asutsunadnsvesnismuinsuiy wazlundseuvoinisussananauy L==2 azld
NAGWSIIUIU 2 USTHIAAB RO wag Rl
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31 P10L
32 P1IL

34 DOL
35 D1L
36 D2L
37 D3L
38 SOL
39 S1L
40 S2L
11 S3L

43 GOxL =
44 GlxL =
45 DOL =
46 DIL =
4 GOyL

48 GlyL

GOxH
51 GlxH
52 DOH =
53 D1H =
4 GOyH
9 GlyH

ROL
R1L
5 ¢ ROH
60 R1H

62 RO =
63 Rl =

ep2 =
ep3 =
epd =

mm256
mm256

“mm256_

mm256

“mm256
mn256

mm256
mm256
mm256
mm256

1 char *pS8 = source.ptr<uchar>(0, 0);
2 char *pD8 = dst.ptr<uchar>(0, 0);

4 __ m256i PO, Pl, ..., P10, P11;

5 _ m256i pPOL, P1L, ..., P1OL, PIllL;

6 _ m256i POH, P1H, ..., P10H, P1l1H;

7 m2561 z = mm256_setzero si1256();

8 int source _image width = source.cols;

int dst_image width = dst.cols;

source image width;
2*source_image width;
i*source image width;

loadu_si256((__m256i*)ps8);
loadu_si256((__m256i*) (pS8
loadu_si256((__m256i%*) (pS8
_loadu_si256((__m256i*) (pS8
loadu_si256((__m256i%*) (pS8
loadu_si256((__m256i%*) (pS8
loadu_si256((__m256i*) (pS8
loadu_si256((__m256i%*) (pS8
loadu_si256((__m256i%*) (pS8
loadu_si256((__m256i%*) (pS8
mm256 loadu 51256 ((
mm256 loadu . | 51256 ((

_mm256_unpacklo_epi8 (PO, z);
mm256 _unpacklo_epi8(Pl, z);

_mm256_unpacklo_epi8 (P10,
_mm256_unpacklo_epi8 (P11,

_mm256_sub_epil6 (POL, P2L);
mm256_sub_epil6 (P3L, P5L);
mm256 sub_epil6 (P6L, P8L);
"mm256 sub _epil6(P9L, P11L);
mm256 " add | epil6 (POL, P2L);

_mm256_add_ep116(P6L P8L);

_mm256_add_epil6 (P3L, P5L);

_mm256_add _epil6 (P9L, P11L);

_mm256_add epil6( mm256 add epil6(DOL,
“mm256 add | epil6 (] mm256 add | epil6(D1L,

mm256 sub _epil6 (SOL, SlL),
mm256 sub_epil6 (S2L, S3L);

mm256 add | epil6 (DOL,
mm256 add epilé (D1L,

_mm256_add_epil6( mm256_add epil6(DOH,
mm256 add epil6( mm256 add epil6(D1H,

mm256 sub_epil6 (SOH, S1H);
mm256 sub_epil6 (S2H, S3H);

_mm256_add_ep116(DOH
_mm256_add_epil6(D1H,

mm256_add _epil6( mm256_ abs_epil6 (GOxL),
mm256 add | epil6 (_ mm256 abs epil6 (G1xL),
mm256 add | epil6 (] mm256 abs_epil6 (GOxH),
mm256 add | epil6 (1 mm256 abs_epil6 (GlxH),

_mm256
“mm256

_packus_epil6 (ROL, ROH);
_packus_epil6 (R1L, RI1H);
64 _mm256_store si256((__ m256i*)pD8, RO);
55 _mm256_store si256 ((

z) ;
z) ;

+
+
+
+
+
+
+
+
+

2)):
step2));
step2 + 1));
step2 + 2));
step3));
step3 + 1));
step3 + 2));
stepd));

_ m256i*) (pS8 + stepd + 1))
_ m256i%*) (pS8 + step4

+

POH
P1H

_mm256_unpackhi epi8(P0, 2z)
mm256 _unpackhi _epi8(Pl, z):;

mm256 unpackhi epi8 (P10,

P1l1lH = :mm256_unpackhi_epi8(Pll,

lw]
w
=5
{1 | | | 1 T 1

__m256i%*) (pD8 + dst_image width),

_mm256_sl1li epil6 (D1L,
mm256 s11li epil6 (D2L,

_mm256_slli epil6(D1H,
_mm256_s11i epil6 (D2H,

_mm256_sl1li epil6( mm256_sub_epil6(P1H, P7H), 1)
_mm256_s11i epil6(_mm256_sub_epil6 (P4H, P10H),

R1);

_mm256_sub_epil6(POH, P2H);
mm256_sub_epil6(P3H, P5H);
mm256 sub_epil6(P6H, P8H);
mm256 sub_epil6(P9H, P11H);
“mm256 add | epil6(POH, P2H);

“mm256_add_epil6(P6H, P8H);

_mm256_add_epil6(P3H, P3H);

_mm256_add _epil6(P9H, P11H);

).,
1)),

_mm256_s1li epil6( mm256_sub_epil6 (P1L, P7L), 1)
_mm256_s1li epil6( mm256 sub epil6 (P4L, P10L),

1)),
1)),

mm256_abs_epil6 (GOyL))
mm256 abs _epil6 (GlyL)):
mm256 abs _epil6 (GOyH));

mm256 abs _epil6 (GlyH));

’

z) ;
z) ;

;

i

);
)

)
L))5

D2L) ;
D3L):;

D2H) ;
D3H) ;

5UN 3.8 Malgulusunsume? “ﬁﬁ'nauaimsﬂﬁzjsmmaa AVX dWmsU L==2

nsldauyadds AVX Tlums@eulysunsudmsuismsnduauslunismuesuam
wuu L==2 laglusunsulugunl 3.8 ussindl 15-26 Wunsivandeyanaimiagldiladdu

_mm256_loadu_si256 Tuusavassaglnanteyaladiuiu 256 Un Feagladeyaninuin
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8 O $1uru 32 finwa eunluussiiadl 28-32 Tusunsuldvenedeya 8 O Widuteya 16
0 ierluduialusvuuy 16 dalumsieulusunsuseyadda AvX Tngldiladdu
- mm256_unpacklo_epi8 @5y POL-P11L uagldWendis mm256 unpackhi_epi8 @3y
POH-P11H fewsunwlugudt 3.9 anduluussind 30-41 Hunsunmalidmiiiefo
nagnsAarursadiuldiuinsiuduld Feasiuimuaamnn Gradient magnitudes Tu
UsTTAT 43-55 9ntussinadnduss Gradient magnitudes TunuIunUUBULASUAUR AT LE
TUdunmveuresnmluussiiadl 57-60 warilelduadnsvasnisiuiniseusosluussin
7l 62-63 TUsunsuazamuuIateyaan 16 On Tindulegludnuuzfinwavesnin 8 Tn e
#WanTu mm256 packus epil6 ﬁ'ﬂLLmuﬂﬂwiugUﬁ 3.9 uazusINaf 64-65 Wun1sAua
Toyaludanmuadwsiifosnsieflaidu mm256 store si256

P3H P11H

JUN 3.9 nsuusnmuun 32 finwa 91ndeya 8 On Tl 16 O
iievimsuszananalagldynds AvX

NN3UT 3.9 wansn1sulsdeyavesn i 32 finlwa 9ndeya 8 Tn TWidu 16 Tn
Taunslailenty _mm256_unpacklo_epi8 waz _mm256_unpackhi_epi8 Lﬁ'aﬁﬁau”amw
8 Jmnsmiuen 0 8n 8 On 1itelilddeya 16 Tn lUlHlunsdunalagldgnds AvX uas
ndsniafatuneumssuinmesmasiiiunismsadeamaniudaagyilisudoyanadns
ndulegludnuas 8 dnmilewdulaeltileiu mm256 packus epil6 \osnaudnuny
yosyafds AVX gnesnuvuanlddmiunudisiadoyaidudiug Wethwuusuldiunis
Uszanananm 3esududedlddds unpack wag pack Joya dieliAanadndveinisdnises
Yoyauanemaiigndies egndlsfinddslunis unpack uay pack i latency Tunsuszanana
i FdlalldTnanerudilunisussianaegafituddy
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3.3.2 madeulusunsulnedsiiiaues dmsu L==3

TutideiiazesuneBililunsdoulusunsadegadds Avx TasTBnsfitiaue
Busuanmadoulusunsuniu@seisitauslusui 3.10 uazuiuuslusunsalidu
mMadvuseyamds AvX Tagld3sitiauslugud 3.11

r *pS8 = source.ptr<uchar>(0, 0);
= dst.ptr<uchar>(0, )

typedef short s;

s short DOx, Dlx, D2x, D3x, D4x, SOy,Sly,S2y,S3y, S4y;
7 short PO ,P1,P2,P3,P4,P5,P6,P7,;P8,P9,P10,P11, P12, P13, Pl4;

int source image width = source.cols;
1 int dst_image width = dst.cols;

12 int step2 = source_image width;
1.3 int step3 = 2*source_image width;
14 int step4 = 3*source_image width;
5 int step5 = 4*source_image width;
17 PO = (s)*ps8; Pl = (s)*(psS8+l); P2 = (s)*(pS8+2);
P3 = (s)*(pS8+step2) ; P4 = (s)*(pS8+step2+.); P5 = (s)* (pS8+step2+2)
P6 = (s)*(pS8+step3); P7 = (s)*(pS8+step3+.); P8 = (s)*(pS8+step3+2)
P9 = (s)*(pS8+stepd) ; P10 = (s)*(pS8+stepd+l) ; P11l = (s)*(pS8+stepd+2)
24 P12 = (s)*(pS8+stepd); Pl3 = (s)*(pS8+stepd+1); P14 = (s)*(pS8+stepb+2)
2 DOx = PO-P2; SO0y = PO+P2;
24 Dlx = P3-P5; Sly = P3+P5;
25 D2x = P6-P8; S2y = P6+P8;
26 D3x = P9-P11; S3y = P9+P11;
27 D4x = P12-Pl4; S4y = P12+P14;
2 short GOx = DOx + (D1lx<<l) +D2x;
short Glx = D1lx + (D2x<<l) +D3x;
short G2x = D2x + (D3x<<l) +D4x;
short GOy = SOy - S2y + (Pl-P7)<<l;
G short Gly = Sly - S3y + (P4-P1l0)<<l;
34 short G2y = S2y - S4y + (P7-P1l3)<<1l;
6 short RO = abs(GO0x) + abs(GOy);
7 short Rl = abs(Glx) t abs(Gly):;
short R3 = abs(G2x) t abs(G2y);
*(pD8) = RO;

40 *(pD8 + dst_image_width) = R1;
11 *(pD8 + (2 * dst_image width)) = R2;
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3 char *pS8 = source.ptr<uchar>(0, 0);
2 char *pD8 = dst.ptr<uchar>(0, 0);

4 _ m256i PO, P1, ..., P12, P13, Pl4;

5 _ m256i POL, P1L, ..., P12L, P13L, Pl4L;
_ m256i POH, P1H, ..., P12H, P13H, Pl4H;

7 ~ m256i z = mm256_ setzero si256();

8 int source_image width = source.cols;

9 int dst_image width = dst.cols;

11 int step2 = source_image width;
12 int step3 = Z2*source_image width;
13 int step4 = 3*source_image width;

14 int stepb 4*source_image_ width;
5

16 PO

= mm256_loadu_si236((__ m256i*)pS8) ;
7 Pl = mm256_loadu_si256 ((_ m256i%*) (pS8 + 1));
P12 = mm256_ loadu si256((__m256i*) (pS8 + stepd));
20 P13 = mm256 loadu_si256((__m256i*) (pS8 + stepd + 1))
21 pPl4 = mm256 loadu si256((__m256i%*) (pS8 + stepd + 2));
POL = mm256_unpacklo epi8 (PO, z); POH = mm256 unpackhi epi8(P0, z);
P1L = mm256 unpacklo_epi8(Pl, z); P1H = mm256 unpackhi epi8(Pl, z):;
P13L = mm256 unpacklo_epi8 (P13, z); P13H = mm256_unpackhi epi8 (P13, z);
P14L = mm256 _unpacklo _epi8 (P14, z):; P14H = mm256 _unpackhi epi8 (P14, z);
DOL = mm256_ sub_epil6 (POL, P2L); DOH = mm256 sub epil6(POH, P2H);
DIL = mm256_sub_epil6(P3L, P5SL); DIH = mm256 sub epil6(P3H, P5H);
D2L = mm256 sub_epil6 (P6L, P8L); D2H = mm256 sub_epil6(P6H, P8H);
D3L = mm256 sub_epil6 (P9L, P11L); D3H = mm256 sub _epil6(P9H, P11H);
D4L = _mm256_sub_ep116(P12L P14L); D4H = _mm256_sub_ep116(P12H P14H);
S0L = mm256_add_epil6 (POL, P2L); SOH = mm256_add epil6(POH, P2H);
S1lL = mm256 add | _epilé (P6L, P8L); S1H = mm256 add epil6(P6H, P8H);
S2L = mm256 add | _epil6 (P3L, PSL); S2H = mm256 add | epil6(P3H, PSH);
S3L = mm256 " add | epil6 (P9L, P11L):; S3H = mm256 add | epil6(P9H, P11H);
S4L = _mm256_add_epll6(P12L P14L) ; S4H = _mm256_add_ep116(P12H P14H) ;
GOXL = mm256_ add epil6( mm256_add epil6(DOL, mm256_slli epilé6(D1L, 1)), D2L);
GlxL = mm256 add | epil6 (1 mm256 add | epil6(D1L, mm256 slli epil6(D2L, 1)), D3L);
G2xL = mm256 add | epil6 (1 mm256 add | epil6(D2L, mm256 slli epil6(D3L, 1)), D4L);
DOL = _mm256_sub_ep116(SOL S1L) ;
DIL = mm256 sub_epil6(S2L, S3L);
D2L = mm256_sub_epil6(S1L, S4L);
GOyL = mm256 add epil6(DOL, mm256 slli epil6( mm256 sub epil6(P1L, P7L), 1));
GlyL = “mm256 add | epil6 (D1L, “mm256 slli _epil6(_ “mm256 sub _epilé (P4L, P10OL), 1)):
G2yL = mm256 add epilé6 (D2L, mm256 Slll _epil6 (1 “mm256 sub _epil6(P7L, P13L), 1)):
GOxH = mm256 add epil6( mm256 add epil6(DOH, mm256 slli epil6(D1H, 1)), D2H);
GlxH = mm256 add _epil6 ( mm256 add epil6(D1H, mm256 s11li epil6(D2H, 1)), D3H);
G2xH = mm256 add | epil6 (1 mm256 add | epil6(D2H, mm256 s11li epil6(D3H, 1)), D4H);
DOH = _mm256_sub_ep116(SOH SlH),
D1H = mm256_sub_epil6(S2H, S3H);
D2H = mm256_sub_epil6(S1H, S4H);
GOyH = mm256_ add epil6(DOH, mm256_slli epil6( _mm256_ sub _epil6(P1lH, P7H), 1));
GlyH = mm256 add _epil6 (D1H, mm256 Slll _epil6 (1 “Tm256 sub _epil6(P4H, P1OH), 1)):
G2yH = mm256 add epil6 (D2H, mm256 slll _epile( 1 “mm256 sub _epil6(P7H, P13H), 1))
ROL = mm256_ add epil6( mm256 abs epil6 (GOxXL), mm256 abs epil6 (GOyL)):;
RIL = mm256 add | epil6 (1 “mm256 abs _epil6(GlxL) , mm256 abs_epil6(GlyL));
R2L = mm256 add | epil6 (1 mm256 abs epil6 (G2xL), mm256 abs _epilé(G2yL));
ROH = mm256 add | epil6 (1 “mm256 abs _epile6 (GOxH), “mm256 abs _epil6 (GOyH)) ;
R1H = mm256 " add | epil6 (1 "mm256 abs _epil6 (G1xH), mm256 abs _epil6(GlyH));
R2H = _mm256_add_epll6(_mm256_abs_ep116(G2xH), _mm256_abs_ep116(G2yH)),
RO _mm256_packus_epil6 (ROL, ROH);

Rl = mm256 _packus_epil6 (R1L, RI1H);

0 R2 = _mm256_packus_ep116(R2L R2H) ;

g _mm256_store si256((__ m256i*)pD8, RO);

72 _mm256_store si256((__ m256i%*) (pD8 + dst_image width), R1);

13 _mm256_store si256((__ m256i%*) (pD8 + (2 * dst_image width)), R2);

5UN 3.11 n1sWeulusunsusmedsminauslagldyndda AVX dmsu L==3
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3.3.3 mMs@gulusunsulagdsmineue dwiu L==4
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1 char *pS8 = source.ptr<uchar>(0, 0);
2 char *pD8 = dst.ptr<uchar>(0, 0);
4 typedef short s;
6 short DOx, D1x, D2x, D3x, D4x, DSx, SsOy,Sly,S2y,S3y, S4y, SSy;
7 short P0,PL,P2,P3,P4,P5,P6,P7,P8,P9,P10,P11, P12, P13, Pl4, PLlS, PLl6, PL7;
int source_image width = source.cols;
int dst_image width = dst.cols;
12 int step2 = source_image width;
13 int step3 = 2*source_image width;
14 int step4 = 3*source_ image width;
15 int step5 = 4*source_image width;
1¢ int step6 = S5*source_image width;
1 PO = (s)*ps8; Pl = (s)*(pS8+.); P2 = (s)*(pS8+2);
1 P3 = (s)*(pS8+step2) ; P4 = (s)*(pS8+step2+l); PS5 = (s)* (pS8+step2+2)
2 P6 = (s)*(pS8+step3); P7 = (s)*(pS8+step3+l); P8 = (s)* (pS8+step3+2)
21 P9 = (s)*(pS8+stepd) ; P10 = (s) *(pS8+stepd+l); P11l = (s)*(pS8+stepd+2)
22 P12 = (s)*(pS8+stepd); P13 = (s)*(pS8+stepd+1); P14 = (s)*(pS8+stepd+2)
23 P15 = (s)*(pS8+stepb); Pl6 = (s)*(pS8+stepb+l); P17 = (s)*(pS8+stepb+2)
25 DOx = PO-P2; SO0y = PO+P2;
26 Dlx = P3-P5; Sly = P3+P5;
27 D2x = P6-P8; S2y = P6+P8;
2 D3x = P9-P11; S3y = P9+P11;
D4x = P12-Pl4; S4y = P12+P14;
D5x = (P1L5=P17; S5y = P15+P17;
short GOx = DOx + (Dlx<<l) +D2x;
short Glx = Dlx + (D2x<<l1) +D3x;
34 short G2x = D2x + (D3x<<1) +D4x;
3 short G3x = D3x + (D4x<<l) +D5x;
36 short GOy = SOy - S2y + (P1-P7)<<1;
37 short Gly = Sly - S3y + (P4-P1l0)<<l;
3 short G2y = S2y - S4y + (P7-P1l3)<<l;
3 short G3y = S3y - S5y + (P10-Pl6)<<l1;
41 short RO = abs(GOx) + abs(GOy):;
42 short Rl = abs(Glx) t abs(Gly):;
5 short R3 = abs(G2x) t abs(G2y):;
4 short R4 = abs(G3x) t abs(G3y):;
45 *(pD8) = RO;
4 *(pD8 + dst_image width) = Rl;
47 *(pD8 + (2 * dst_image width)) = R2;
4 *(pD8 + (3 * dst_image width)) = R3;
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7 41-44 257Ul 17135119 Ul USLNSULUUALILEUDEIUIT0AN 31UIUAS IVBIN1TATLI LS
TAENISYSNATNSVBINITAIWIUIINAY wazlunilesauraIn1sUseuanakuy L==3 zla
NAANGINUIU 4 USTVIAAD RO, R1, R3 way Ra

1 char *pS8 = source.ptr<uchar>(0, 0);
2 char *pD8 = dst.ptr<uchar>(0, 0);

4 _ m256i PO, P1, ..., P15, Pl6, Pl17;
5 _ m256i POL, P1L, ..., P15L, Pl6L, Pl7L;
__m256i POH, PlH, ..., P15H, Pl6H, Pl7H;

8 _ m256i z = mm256_setzero_si256():
9 int source_image width = source.cols;
10 int dst_image_width = dst.cols;

12 int step2 = source_image_width;

13 int step3 = 2%*source_image_width;
14 int step4 = 3*source_image_width;
15 int stepS = 4*source_image_width;

16 int stepé6 S*source_image_width;

18 PO = mm256_ loadu_si256 ((__m256i*)psS8);

19 Pl = mm256_loadu_si256 ((__m256i*) (pS8 + 1));

20 P2 = mm256_ loadu_si256((__m256i*) (pS8 + 2));

;; P15 = mm256_ loadu_si256((__ m256i*) (pS8 + step6));

23 P16 = mm256_ loadu_si256((___m256i*) (pS8 + step6 + 1))

24 P17 = mm256_loadu si256((___m256i%) (pS8 + step6 + 2));

26 POL = mm256_unpacklo epi8 (PO, z); POH = _mm256_ unpackhi_epi8 (PO, z):

24 PlL = mm256_unpacklo_epi8(Pl, z); P1lH = mm256_unpackhi_epi8(Pl, z);

28 P2L = mm256_unpacklo epi8 (P2, z); P2H = _mm256_ unpackhi_epi8 (P2, z);

3 P15L = mm256_ unpacklo_epi8 (P15, z):; P15H = mm256_unpackhi_epi8 (P15,
z);

31 P16L = mm256_ unpacklo_epi8(Pl6, z); P16H = mm256_unpackhi_epi8 (P16, z):

32 P17L = mm256_unpacklo_epi8 (P17, z):; P17H = mm256_unpackhi epi8 (P17, z):;

34 DOL = mm256_sub_epil6 (POL, P2L); DOH = mm256_sub_epil6(POH, P2H);

35 DIL = mm256_sub_epil6 (P3L, P5L); D1H = mm256_sub_epil6(P3H, PS5H);

36 D2L = mm256_sub_epil6 (P6L, P8L); D2H = mm256_sub_epil6(P6H, P8H);

37 D3L = mm256_sub_epil6(P9L, P1l1lL); D3H = mm256_sub_epil6(P9H, P11H):;

38 D4L = mm256_ sub_epil6 (P12L, P1l4L); D4H = mm256_sub_epil6(P12H, P14H);

39 DS5L = mm256_sub_epil6(P15L, P17L); DSH = _mm256_sub_epil6(P15H, P17H);

41 SOL = mm256_add_epil6 (POL, P2L); SOH = mm256_add_epil6(POH, P2H);

42 S1L = mm256_add_epil6 (P6L, P8L); S1H = mm256_add epil6(P6H, P8H);

43 S2L = mm256_add_epil6 (P3L, PSL); S2H = mm256_add _epil6(P3H, P5H);

o S3L = mm256_add epil6(P9L, P1l1lL); S3H = mm256_add epil6(P9H, P11H);

45 S4L = mm256_add_epil6 (P12L, P14L); S4H = mm256_add epil6(P12H, P14H);

46 S5L = mm256_add _epil6 (P15L, Pl7L); S5H = _mm256_add epil6(P15H, P17H);

: GOxL _mm256_add _epil6( mm256_add epil6(DOL, mm256 slli epilé(D1L, D2L) ;

- ).
49 GlxL = mm256_add_epil6(_mm256_add epil6(D1L, _mm256_slli_epil6(D2L, 1)), D3L);
50 G2xL = mm256_add _epil6(_mm256_add epil6(D2L, mm256_slli epil6(D3L, 1)), DA4L):;
51 G3xL = mm256_add epil6( mm256_add epil6(D3L, _mm256_slli epilé6(D4L, 1)), DSL);
52 DOL = mm256_sub_epil6(SOL, S1L);
53 DIL = mm256_sub_epil6(S2L, S3L):;
54 D2L = mm256_sub_epil6(S1L, S4L);
55 D3L = mm256_sub_epil6(S3L, SS5SL);
56 GOyL = mm256_add epil6(DOL, mm256_slli epil6( _mm256_sub_epil6(P1lL, P7L), 1)):
57 GlyL = mm256_add epil6(D1L, mm256 slli epil6(_mm256_sub_epilé (P4L, P10OL), 1)):
G2yL = mm256_add_epil6(D2L, mm256_slli epil6(_mm256_sub_epil6(P7L, P13L), 1))
G3yL = mm256_add epil6(D3L, mm256_slli epil6(_mm256_sub_epil6 (P10L, P1l6L), 1));
61 GOxH = mm256_add_epil6(_mm256_add epil6(DOH, _mm256_ slli epil6(D1H, 1)), D2H);
62 GlxH = mm256_add _epil6(_mm256_add epil6(D1H, _mm256_slli epil6(D2H, 1)), D3H):
53 G2xH = mm256_add epil6( mm256_add epil6(D2H, _mm256 slli epil6(D3H, 1)), D4H):;
G3xH = mm256_add_epil6(_mm256_add epil6(D3H, _mm256_slli_epil6(D4H, 1)), DS5H);
65 DOH _mm256_sub_epil6 (SOH, S1H):

66 D1H = mm256_sub_epil6(S2H, S3H):;
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D1H = mm256_sub_epil6(S2H, S3H);

D2H = mm256 sub epil6(S1H, S4H):;

D3H = _mm256_sub_epil6 (S3H, S5H);

GOyH = mm256_add epil6(DOH, mm256 slli epil6( mm256_ sub_epil6(P1H, P7H), 1))
GlyH = mm256_add epil6(D1H, mm256_slli epilé6(_mm256_sub_epil6 (P4H, P10H), 1))
G2yH = mm256 add epil6(D2H, mm256 slli epil6( mm256 sub epil6(P7H, P13H), 1))
G3yH = _mm256_add_epil6(D3H, mm256 slli_epil6(_mm256_sub_epil6 (P10H, P16H), 1)):
ROL = mm256_add epil6(_mm256_ abs epil6 (GOxL), mm256_ abs_epil6 (GOyL)):

RIL = mm256_add_epil6(_mm256_abs_epil6(GlxL) , mm256 abs_epil6 (GlyL)):;

R2L = mm256_add epil6( mm256 abs epil6 (G2xL), mm256 abs epil6 (G2yL)):

R3L = mm256_add epil6( mm256 abs epil6(G3xL), mm256 abs epil6 (G3yL)):

ROH = mm256_add _epil6( mm256_ abs epil6 (GOxH), mm256_abs_epil6 (GOyH)):

R1H = mm256_add _epil6(_mm256_abs epil6 (GlxH), mm256_abs_epil6 (GlyH)):

R2H = mm256_add_epil6(_mm256_abs_epil6 (G2xH) , mm256_ abs_epil6 (G2yH)):;

R3H = mm256_add_epil6(_mm256_abs_epil6(G3xH), mm256 abs_epil6 (G3yH)):

RO = mm256 packus_epil6 (ROL, ROH):

Rl = mm256_ packus_epil6(R1L, R1H):;

R2 = mm256 packus _epil6 (R2L, R2H);

R3 = :mm256_packus:ep116(R3L, R3H) ;

_mm256_store si256((__m256i*)pD8, RO);

_mm256_store si256((___m256i*) (pD8 + dst_image_width), R1l);

_mm256_store si256((___m256i%*) (pD8 + (2 * dst_image width)), R2);
_mm256_store_si256((__m256i*) (pD8 + (3 * dst_image_width)), R3):;
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3.4 mswndszansnmluniswveuninlaenisld OpenMP

TudupsuiilunisnszaedeyaiesihunfmwaludmbeUszaanana 9 ety
Y ulua N Y9N TNULUUIUIA Lagld OpenMP 111 8N19T RTINSV
suiluanuurreimsiauluuiaines fuaninisileulusunsunedsnseliil

#pragma omp parallel
{
int step = image_height / omp_get num_threads();
for (int x = (omp_get_thread_num() * step); x < ((omp_get_thread num() + 1) * step)

X += num_line)

for (inty = 0; y < image_width; y++)
{ //place the proposed method in this loop-body

5UN 3.14 n15l4 OpenMP @ wsuTsnsndneaue

U7 3.14 nsld #pragma omp parallel {unsdasudiunsiusuULILImLR
negluldad sl lnslulusunsuaglddanadfiulunisuusdiuvesiusendudiugwindu
° o A o 1 - v v g & I
31U Thread anuaniilumiieUssanaiiolvarunsausviianaliisituuazidunis
hauilaideuriu

3.5  msUszandlddanasiiuminaualunisiiuuse@nsnmuainisunivaunmeaels
uAull

Junsiwmeiadsnisiiiuaudilunisnivesninlaedsleuail tauenusn
amualuiadod 3.1-3.4 1Uszndldfuisnsmveunmueauaui F9isuauiifuisis
nadwslunsmweun i wifiaududeunnnnitwarldinalunisuiseunimiiuiuiy
Wuy tilolfAnuE909n159veUn eI s uAUsTInanal@ T u A33edelavinag
nAFaUIIMINLIUNatNN1SWY Gradient magnitude Tudane3fiuvewauiddeidfiviaus
160 fmhaiﬁwamimﬁuaumwé”wé’aﬂ@%ﬁmaqLmuﬁﬁﬂizﬁwﬁquﬁw%lﬂ pgnals Iy
uannaaesludiudazeglushie 4.2 vasuni 4
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uni 4
ANSNAEDUKAZNITIATIZHUTLANS AN

va aaa o Y

A33ulanaaauIsnImveuTesnIMmIEIsNIIaNe WenTIvdeuUsEansnInes
38n3fang 1 wdrhuFeuisuiunsldmdaunnsgiuveslausng opencv lunis
Uszunananingida 8 U 1agnaandnuaInuuInm 19 9 bawn 800x600, 1024x768,
1280x1024, 1920x1080, 2560x1440, 3872x2160, 4928x3264 hag 7680x4320 WNLYA ‘TJ!ﬂ
Huvuevesnmiiduidouldaulaeialy donsmeaeuuudily Intel Core i5-1135G7
vosanInenssy Tiger Lake lnonsveaaundn wlseandu 2 du loun nsvaaeuiiion
UsgAnsnmuesmImveufieisiiauaiisusuisnaueuninlagldis sobel Tulausn3
1A5§1U OpenCV Wag MavaaeuUszavsamlunsmusunnvesisiiausiilowisuiiioy
funslditaidu Canny TulausBunsgiuves OpenCv uhuauetadasil

4.1 NanN1sNAaaUUILANTANIUNNTIVBUNNAEIT L UARIEATNU AL
4.2 wamvegeunsussgndldnisiiuussansnmlunmmnveunmdmiuuaul
4.3 MSAATITAANITNAADY

4.1  WaNISNAERUUTEANSAINIUNISAIVBUNINAEISLYLUAN 8IS NULEUD

v a

Tusta 4ol 358 ldmaaaunisnn Gradient luuuanau (Horizontal gradient) was
Gradient Tuwuafa (Vertical gradient) Wagn15n5299Uv8UYBINN (Edge detection) Alg
FnsiiaueluIsuiiisuiuds Sobel Tulaus3uinsgiures OpenCV dwfunisvaaeum
YuIAvedAn L Adfign 290 2 89 16 veagUunmamuasng q lnedmuald L fe S1utu
ussTinvestoyaniniifeanisuszalanaluusiayseu Tnensmaaeusionisuszaiana
TUsunsusduau 100 A%e mnduSaadenanild iWefuin Gradient sesdosinunaznis
A5993UVBU waskanwaiidlun1sfun waviUSeuiisuainusalunisw Gradient Tu
WIUBU (G,) Aansalunism Gradient Tuuwasa (Gy) UagANEINITATIVTUTBUA N
Wisuiisuduasmsldiladdu sobel Tulausi3uinsgiuves Opencv @eilsfduuay
wisfiwesildly OpencV fiSeuifisuiuisivaueldun

1. 1 Gradient Tuwuaueu (G,) grhemslilsidunasmnaiwme sl

Sobel(img, grad x, CV_16S, 1, 0, 3, -1, 0, 0);

2. Gradient luwwina (G,) semsldilaidunagmsinedaail

Sobel(img, grad y, CV_16S, 0, 1, 3, -1, 0, 0);
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[

3. weua (Edge detection) Tnsmsldilefidunazmsiimesoil
Sobel(img, grad x, CV_16S, 1,0, 3, -1, 0, 0);
Sobel(img, grad y, CV_16S, 0, 1, 3, -1, 0, 0);
convertScaleAbs(grad x, abs_grad x);
convertScaleAbs(grad y, abs grad y);
addWeighted(abs_grad x, 1, abs grad vy, 1, 0, filter_opencv);

A15199 4.1 s¥egaads (ms) Tun1sAmulauiianismen Gradient Tulwiueu (G,) Loy
A1 Gradient Tukues (Gy) Wagszezlaa1lunITAUINMIVOUAIN YBIAINIUIAFIY
menslafandu Sobel Tulausiiuinsgiuves OpenCv

Image size (pixel) G, (ms) Gy (ms) |Gx|+|Gy| (ms)
800x600 0.1822 0.1823 0.4668
1024x768 0.2789 0.2879 0.7856
1280x1024 0.4369 0.4607 1.5056
1920x1080 0.6494 0.7108 2.6612

2560x1440 1.1811 1.3019 4.9224
3872x2160 3.3637 3.2107 11.2992
4928x3264 5.6138 5.9413 21.8250
7680x4320 13.6540 14.1082 44.7104

91NA1397 4.1 KAAIITEELATUNIAIUIALINDN1SMIAT Gradient Tulwiueu (Gy)
wagAn Gradient TuLUIAs (G,) UarszeztIaTlunISAUINMIVOUATN YBINTNVUIAKIT 9
menslailsidu Sobel Tulausi3unsgiuaes OpenCV isihlussuiiisuanuiatuna

aa d‘ o U ! dgj
NSNAABIYEIIBN1TNLEBRIRa UL

4.1.1 WaN1IMAHIUN Gradient Magnitude WATATIIIUMVBUNNVBIFUAIN
YU 800x600 NNLLA 7 L YUIARIY 9

HANISNAADUMITEEELIANUNTATUILNDN1SUIAT Gradient TulnuLWINBY (G,)
wazyAl Gradient TuLNULWIAT (G,) KAEI3EELIANTUNTTATUIUNITOUNIN VBININUUIA
800x600 NN AIBATNITNUNEUD AILARIIUAISIN 4.2



15197 4.2 szuzaady (ms) lun1sAwialinenisman Gradient TuwnuuuIueu (G,)
wagAn Gradient TuuNULWIRG (G) UAEIEELIAlUNMIATLIUMTBUNIN VBININYUIA

800x600 ANLa A2EITN1TNULEUD
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Gy (ms) Gy (ms) |Gx|+]Gy| (ms)
L parallel parallel parallel
serial AVX serial AVX serial AVX
AVX AVX AVX
2 0.0293 0.0199 0.0839 0.0402 0.0575 0.0167
3 0.0271 0.0190 0.0717 0.0317 0.0570 0.0148
4 0.0438 0.0219 0.0781 0.0231 0.0556 0.0172
5 0.0699 0.0312 0.0915 0.0437 0.0594 0.0144
6 0.0736 0.0272 0.0856 0.0414 0.0602 0.0177
7 0.0565 0.0289 0.0747 0.0396 0.0603 0.0201
8 0.0363 0.0202 0.0426 0.0225 0.0578 0.0177
9 0.0617 0.0289 0.0706 0.0344 0.0568 0.0181
10 0.0603 0.0314 0.0678 0.0325 0.0607 0.0205
11 0.0453 0.0236 0.0652 0.0301 0.0639 0.0248
12 0.0573 0.0277 0.0641 0.0266 0.0639 0.0185
13 0.0522 0.0235 0.0587 0.0289 0.0653 0.0263
14 0.0541 0.0273 0.0476 0.0251 0.0661 0.0226
15 0.0509 0.0269 0.0577 0.0330 0.0656 0.0175
16 0.0456 0.0232 0.0499 0.0249 0.0622 0.0296

ANTLHLIAINITUTLUIBNALUAITIN 4.2 2zi9iuled1 n19nn Gradient TuwulIuay

(Gy) We3En1sN U nauanI8YAAIET AVX WUUBYNTY AN L NiRTigaAe L==3 uag3on13¥

UauenI8yafIds AVX LWUuIuIY A1 L 1aNgaae L==3 uazdmiun1sm Gradient Tu

LLma?fﬂ I@ﬂ%ﬁmiﬁﬁ%auaé’wwﬁﬁa Avx WUUBYNTY AN L NinTignae

==8 LLaﬁ'ﬁms

VIU’]LZ“IUEJWJEJ“ZJ@@WEN AVX WUUIUIU A L W@Wﬂ@ﬂ@ L——8 mmumimaﬁmwwaumwuu

aﬁﬂ’lwml,auaimiwmmaa AVX LUvBYNTY A L fisfianfe L==4 uagdsnsfivauslag

GLGUGQW"I’]EN AVX LWUUBUIUAT L Vlﬂﬂ/lﬁjﬂ Ao L==5

9
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[ Horizontal gradient (Gx) calculation using Serial AVX
[ Horizontal gradient (Gx) calculation using Parallel AVX
[ Vertical gradient (Gy) calculation using Serial AVX

[@ Vertical gradient (Gy) calculation using Parallel AVX

12.00

10.00

8.00
6.00
4.00
1 0 A
0.00 I
13 14 15

L

Speed-up (Times)

sﬂw 4.1 mmmmwmu (Speed-up) 18971511 Gradient TuuulIueuway Gradient Tu
WL YBINMULIA BO0X600 AnLeA mmﬁmswu’nauawiaumaumﬂﬂjﬁmw Sobel Tu
lausmmsgmsuaq OpenCV 7i L vuasng 9

mﬂg‘d‘ﬁ' 4.1 Py (Speed-up) ¥84N1511 Gradient ‘Luumuauﬁﬁﬁqm
TneT8iiauedeyamds AvX wuveynu finnudufisdu 6.73 wh uarisiviauedie
Yafnd AVX wuurLy fmnuaiutu 9.60 wih lneAaievesnisv Gradient Tukuauey
LUUBYNTY LATUUTULAE s aue SauSufivtu 3.87 uay 7.36 whenugdiu e
Wisudun1sm Gradient Tukuauauniglausnsuinsgiuves OpenCV Lagd1msun1sm
Gradient Tuwwadafiffiandeismsfitniauedsgndds AVX LUUaYNIULATWULILLE)
Aranduiintiu 4.28 uay 8.12 wihwudiu lneAnadsegil 2.84 ua 5.98 whauddu e
\leufunsm Gradient Tuwwaseelausid Opencv



36

[ Edge detection using Serial AVX
[l Edge detection using Parallel AVX
35.00
. 30.00
4
g 25.00
2 2000
o
7 15.00
ko)
8 1000
Q
0.00
2 3 4 5 6 7 8 9 10 1M 12 13 14 15 16
L

sUN 4.2 ANULSINALTU (Speed-up) YBINITUITOUATN YBININUUIN 800X600 ANLYa

meIsnsnunaueawIeuiisunslaflaidy Sobel Tulausisunsgiuves OpenCV 4 L
YUIRFN

A g o a & Y aa axa

1N3UN 4.2 ANASINLANTU (Speed-up) VBINTTATIITUVBUNNAATIAR LAgITH

UauamaynAds AVX huusunsy Jausuiiudu 8.40 wih uaz3siiauerieyaras

= 8 a & ] ! a
AVX LUUYUIU AAESURNTY 32,53 111 LngARagueIn1snIveunInkuuaunsy iag
Y addo = g o & 1 o A o Y

WUUYUIUAIEIT I LEUD HAaSiuTY 7.70 Uag 24.58 Winauddau Waguiunism

yaunnlagldds Sobel Tulausisuinsguves OpenCv
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4.1.2  WaN1INAHUN Gradient Magnitude WATATIIIUMVBUNNVBIFUAIN
IUIN 1024x768 NNLwa N L dUIAAI9 9

NANISNAADUMITEEELIANTUNITATUILNDN1SUIAT Gradient TulnuLWINBY (G,)
wagyAl Gradient TUUAULLIAG (G)) WAZIEELIATlUNMSAILIMNIYOUA TN YBINTNIUIA
1024x768 Nnwa Ae3sN15NULEUD Awanslum1san 4.3

A15199 4.3 szernanady (ms) lunisAulalien1sman Gradient lulknuuwiueu (G,)
uarA Gradient TuUNULLIAT (G)) wagszazlIaTlUNSATLIUIVEUATN VBININVUIA
1024x768 fintwa feIvN1TNULEUD

G, (ms) Gy (ms) |G| +|Gy | (ms)
L parallel parallel parallel
serial AVX serial AVX serial AVX
AVX AVX AVX
2 0.0518 0.0166 0.1492 0.0622 0.0951 0.0256
3 0.0514 0.0124 0.1329 0.0519 0.0899 0.0240
4 0.0987 0.0122 0.1677 0.0452 0.0867 0.0238
5 0.1375 0.0133 0.1597 0.0714 0.0942 0.0240
6 0.1478 0.0130 0.1476 0.0702 0.0943 0.0240
7 0.1128 0.0174 0.1636 0.0619 0.0896 0.0306
8 0.0717 0.0137 0.0842 0.0414 0.0895 0.0240
9 0.1485 0.0200 0.1393 0.0577 0.1041 0.0324
10 0.1207 0.0200 0.1306 0.0554 0.1006 0.0325
11 0.0907 0.0210 0.1174 0.0527 0.1018 0.0351
12 0.1142 0.0143 0.1210 0.0554 0.1017 0.0312
13 0.1045 0.0182 0.1225 0.0428 0.1049 0.0315
14 0.1065 0.0249 0.0985 0.0424 0.1053 0.0438
15 0.0995 0.0383 0.1144 0.0479 0.1070 0.0353
16 0.0942 0.0362 0.1095 0.0483 0.1081 0.0298

91N32821281N15UsTIaNA AT 4.3 azWiuledn n1swn Gradient Tuwuueu
(Gy) We3En1sN U nauBAIBYAAIET AVX WUUBYNTY AN L NIATigAAD L==3 uag3an1s¥
UNAUDAIEYAAIET AVX WUUTUIU A1 L NATgARAD L==4 wagd1m3un1311 Gradient Tu
WWIRA (G,) lagTansiminausigyaAda AVX wuuaunsy A1 L Nafianfe L==8 uaz3sn1s
o v o o ' Aaa A T v o W Y
MIauemeynrm&s AVX LUuuuIl A1 L 1e71gaRe L==8 wWukeifiu §1m5un1snsiadum
Yaunnty Bnsndnauelagldyads AVX wuvaunsy A1 L 1A9ge Ae L==4 wayisnIs

Mmhauelagldyadda AVX wuuvwiual L 1a9ign fe L==4
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[ Horizontal gradient (Gx) calculation using Serial AVX
[ Horizontal gradient (Gx) calculation using Parallel AVX
[ Vertical gradient (Gy) calculation using Serial AVX

[ Vertical gradient (Gy) calculation using Parallel AVX

25.00

20.00

Ui

L

Speed-up (Times)

o

i‘lJ‘VI 4.3 ATy (Speed-up) 189715911 Gradient TuuuIueULaY Gradient Tu
WG LRI INULIA 1024x768 Tinua W’JEJ?ﬁﬂ’ﬁVl‘IJ’lLﬂuaL‘Ui‘UUL‘VIEJUﬂ’]iI‘UWQﬂ“Uu Sobel
Iulauswsmﬂmigwusuaq OpenCV 7i L vunesing 9

mﬂgﬂﬁ 4.3 adaiiiudu (Speed-up) ¥8IN1TU" Gradient IuLLuauauﬁﬁﬁqm
Tneisfuauadeyamds AvX wovauns fanudufisdu 543 i uaedifivuauedie
YaR1de AVX wuvrunu fanusufindu 22,80 i1 Inediad svesn1sv Gradient Tu
LUAUBULUUBYNTH WazLUUTLLAeTE I iaus dandufindu 298 wag 16.20 1
Amddy Lleifisuiun1sm Gradient lunuiusudieglaus3unsg1uves OpenCV uay
damunsmn Gradient luwundsiiaianseisnmsfiviauessyamid AV uuuaynsuuas
wuuruudaruufindu 3.42 uag 6.96 W TavAiadseyil 2.28 uaz 551 i
mudsu dedieutuntsm Gradient Tunundsiaelausid Opencv
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[ Edge detection using Serial AVX
[l Edge detection using Parallel AVX
35.00

_ 30.00
3
g 25.00
2 2000
o
7 15.00
ke
8 1000
o

0.00

2 3 4 5 6 7 8 9 10 1 12 13 14 15 16
L

sUN 4.4 AMULSINLALTY (Speed-up) FBINITUIVOUNTN UBINTNYUIA 1024X768 Riniea
meIsnsnunaueawIeuiisunslaflaidy Sobel Tulausisunsgiuves OpenCV 4 L
YUIRFN

A g o a & Y o axa
1NUN 4.4 AMUSIANTY (Speed-up) VBIN1INTIITUVBUNNNATIAA LAgITT
UauafaynAIds AVX huusunsy Jausuiudu 9.06 wih uaz3siiiauarieyamas
= 8 a & ] ! a
AVX Wuuru1y 3a3135 0Nty 32.97 11 1ngA1ladgusan1smusun niluuaunsy uaz
Y  aad o = g o & 1 o A o Y
WUUBUIUMEISMIEUe IANSIANTY 8.04 uay 27.18 Wimua1U Waliguiun1sm

yaunnlagldds Sobel Tulausisuinsguves OpenCv
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4.13  NaNSNAHRUNN Gradient Magnitude LaAZATINIUMVBUNINYBIFUNN
YR 1280x1024 Anwwa i L auadig 9

NANSNAADUMTZEEIATIUNTS AWML EN151AT Gradient TunnuuwILeY (G,)
LaEAn Gradient TULALLLAIRS (Gy) WazszezIa luNMSAUIUNIYOUNIN YBINTNIUINA
1280x1024 finwwa #edsnsfitaue suanslumsed 4.4

A15199 4.4 szernanady (ms) lunsAulaiian1sman Gradient Tulnuuwuiueu (G,)
uarAl Gradient TUUNULLIAT (G) wagszazlIaTUNIATLIUNIVOUATN TBININTUIA
1280x1024 Aintwa A8735n157LEUD

G, (ms) Gy (ms) |G| +|Gy | (Ms)
L parallel parallel parallel
serial AVX serial AVX serial AVX
AVX AVX AVX
2 0.0875 0.0225 0.2227 0.0294 0.1587 0.0419
3 0.0840 0.0217 0.1970 0.0284 0.1511 0.0410
4 0.1488 0.0194 0.2220 0.0263 0.1467 0.0370
5 0.2401 0.0218 0.2585 0.0291 0.1589 0.0420
6 0.2352 0.0212 0.2279 0.0283 0.1575 0.0414
7 0.1841 0.0221 0.2464 0.0293 0.1524 0.0420
8 0.1180 0.0208 0.1293 0.0277 0.1517 0.0387
9 0.1975 0.0227 0.2073 0.0288 0.1704 0.0558
10 0.1811 0.0302 0.2314 0.0358 0.1690 0.0529
11 0.1451 0.0291 0.1936 0.0344 0.1710 0.0510
12 0.1722 0.0305 0.1943 0.0355 0.1720 0.0530
13 0.1695 0.0343 0.1864 0.0395 0.1757 0.0586
14 0.1680 0.0238 0.1535 0.0304 0.1773 0.0485
15 0.1560 0.0307 0.1800 0.0372 0.1809 0.0587
16 0.1410 0.0228 0.1598 0.0303 0.1867 0.0498

91N32821281N15UsTIaNa AT 4.4 azWiuledn n1swn Gradient Tuwuiueu
(Gy) We3En1sN U NauBAIBYAAIET AVX WUUBYNTY AN L NIATIgAAD L==3 uag3an13¥
UNAUDAIEYAAIET AVX WUUTUIU A1 L NATgARAD L==4 wagd1m3un1311 Gradient Tu
WWIRT (G,) lagTBNsiminausigyaAda AVX wuuaunsy A1 L Nafianfe L==8 uaz3sn1s
o v o w ' Aaa A T v o W Y
MIauemeynAIEs AVX WUUIWIY A1 L NRTianfe L==4 Wuheiiu dmsunisnsindum

Y ax A o % o o i Ao oA ax =
YouNMNIL Wi auelagldyadds AVX wuveynsd @1 L NANgeme L==4 Layisn1i
Wauslagldyndds AVX wuuruue L iafige fe L==4
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[ Horizontal gradient (Gx) calculation using Serial AVX
[ Horizontal gradient (Gx) calculation using Parallel AVX
[ Vertical gradient (Gy) calculation using Serial AVX

[ Vertical gradient (Gy) calculation using Parallel AVX

g |

L

i‘lJ‘VI 4.5 ATy (Speed-up) 189715911 Gradient TuuuIueULaY Gradient Tu
WG TN INULIA 1280x1024 finua fﬂ’)EJ’JﬁﬂTi‘Vl‘mLﬂuaLUiEJULVIEJUm’iIGUWQﬂ"Uu Sobel
Iulauswsmﬂmigwusuaq OpenCV 7i L vunesing 9

mﬂgﬂﬁ 4.5 ety (Speed-up) ¥8IN1TU" Gradient IuLLuauauﬁﬁﬁqm
Tnedsfauadeyamds AvX wovsunsa fanudufisdu 5.20 W uaedifivuauedie
Yarnds AVX wuuruiu danmdufiudu 22,57 w1 lneAadsweensw Gradient Tu
LLALBULUUIYNTY WazLULTLLA8 3 Titiaue dauE ity 2.94 uag 18.08 i
Amddy Lleifisuiun1sm Gradient lunuiusudieglaus3unsg1uves OpenCV uay
damunsmn Gradient luwundsiiaianseisnmsfiviauessyamid AV uuuaynsuuas
wvuruufinnudufindu 3.56 uay 17.50 whenud Taednuadvegil 14.90 waz 9.15 i
mudsu dedisuiunism Gradient Tunundsiaelausid Opencv
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[l Edge detection using Serial AVX
[l Edge detection using Parallel AVX
50.00
I
8 40.00
£
3000
o
?
o 20.00
()
)
o
@ 10.00 I
2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
L

sUN 4.6 AMULSILALTY (Speed-up) YBINITUITOUATW VBINNUWIA 1280x1024 AinLwa
meIsnsnunaueawIeuiisunslaflaidy Sobel Tulausisunsgiuves OpenCV 4 L
YUIRFN

A g o a & Y o axa

1N3UN 4.6 ANUSIANTY (Speed-up) VBIN1INTIITUVBUNNAATIAA LAgITT

WauameynAIds AVX wuuaynsy Tenuduiiudu 10.26 wih wazisiiaussiaynads

= 8 a & ] ! a
AVX LUUYUIU 2135 0RuTY 40.70 111 LagARAEU8INITINoUNNLUUBUNTY kag
Y addo = g o & 1 o A o Y

WUUYUIUAREIT I EUD HAasatiudu 9.15 wag 32.42 Winaudau Waeudiunism

yaunnlagldds Sobel Tulausisuinsguves OpenCv
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4.1.4  WaNSNAHRUNN Gradient Magnitude LaAZATINIUMVBUNINYBIFUNN
YU 1920x1080 NNLga 7 L IUIAA19 9

NANISNAADUMITEEELIANTUNITATUILNDN1SUIAT Gradient TulnuLWINBY (G,)
ez Gradient TuunuwuIde (G,) wagszelIalunIsAILIUNIVEUAIN VOINTNIUIA
1920x1080 WNLwa AIEATNNSAULAUD AILAAILUAISIN 4.5

A15199 4.5 szernanady (ms) lunisAuiaiian1sman Gradient Tulnuuwuiueu (G,)
uarAl Gradient TUUNULLIAYT (G)) wagszazlIaTUNIATLIUNIVOUATN TBININTUIA
1920x1080 AnLwa A8735n157NLEUD

G, (ms) Gy (ms) |G| +|Gy | (ms)
L parallel parallel parallel
serial AVX serial AVX serial AVX
AVX AVX AVX
2 0.1643 0.0355 0.3570 0.0620 0.2505 0.0667
3 0.1523 0.0334 0.3134 0.0471 0.2371 0.0587
4 0.2239 0.0523 0.3556 0.0492 0.2300 0.0658
5 0.3741 0.0536 0.4195 0.0715 0.2536 0.0609
6 0.3726 0.0515 0.3760 0.0737 0.2492 0.0691
7 0.2850 0.0473 0.3926 0.0632 0.2436 0.0686
8 0.1731 0.0486 0.2026 0.0649 0.2409 0.0807
9 0.3224 0.0550 0.3375 0.0549 0.2668 0.0649
10 0.2944 0.0548 0.3329 0.0570 0.2662 0.0775
11 0.2221 0.0453 0.2993 0.0546 0.2685 0.0724
12 0.2670 0.0486 0.2955 0.0570 0.2706 0.0720
13 0.2675 0.0474 0.2935 0.0599 0.2802 0.0787
14 0.2670 0.0591 0.2514 0.0601 0.2777 0.0986
15 0.2389 0.0957 0.2795 0.0556 0.2831 0.0749
16 0.2263 0.0854 0.2485 0.0583 0.2867 0.0978

A1NTLHLIAINITUTLIIANATUANTIN 4.5 9z19iulaqn n1sun Gradient Tuluiueuy

(Gy) We3En15N U NauBAI8YAAIET AVX WUUBYNTY AN L NIATIgAAD L==3 uag3an13¥
UNAUBAIEYAAIFT AVX WUUIUIY A1 L TATigaAe L==3 wazd1miun1snl Gradient Tu
WWIRA (G,) lagTansiminausigyaAda AVX wuuaunsy A1 L Nafianfe L==8 uaz3sn1s

A o 1 o o i Aaa & A v o o o
V]u’]Lﬁu@ﬂ'Jstq@ﬁ']ﬁ\‘i AVX LLUUIUIU A1 L V]@I‘V]q@ﬂ@ L==3 1 YULRYINUAINITUNITNTIAIU

NVeUN ML I5N1sndnauelasldyards AVX wuuaynsy A1 L 1A7Ndnfe L==4 uaz

wnsimbiauslaglyyadda AVX wuuvuiual L 1a9ige fe L==
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[ Horizontal gradient (Gx) calculation using Serial AVX
[ Horizontal gradient (Gx) calculation using Parallel AVX
[ Vertical gradient (Gy) calculation using Serial AVX

[ Vertical gradient (Gy) calculation using Parallel AVX
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[l Edge detection using Serial AVX
[l Edge detection using Parallel AVX
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YUIRFN

A g o a & Y o axa
1N3UN 4.8 ANUSIANTY (Speed-up) VBIN1INTIITUVBUNNAATIAA LAgITH
WauameyaAIds AVX wuuaynsy Senuduiiudy 11.57 wih wagdsiaussiayndds
= 8 a & ] ! a
AVX Wuuru1Y a3 0ANTY 45.34 111 1ngA1ladgusan1smveun nLuuaunsy uas
Y  aad o = ] a & ] o v A o Y
WUUTLUMETSNU LD HALTUANTY 10.27 Wag 36.83 Winmuaau Leiiguiunism

yaunnlagldds Sobel Tulausisuinsguves OpenCv



a6

4.1.5 WaMsNAHUNN Gradient Magnitude LAZATINIUMVBUNINYBIFUNN
YU 2560x1440 NnLga 7 L U109 9

NANISNAADUMITEEELIANTUNITATUILNDN1SUIAT Gradient TulnuLWINBY (G,)
ez Gradient TuunuwuIde (G,) wagszelIalunIsAILIUNIVEUAIN VOINTNIUIA
2560x1440 Anwa AeITN1SNUILEAUD AILandlunIsIean 4.6

A1519% 4.6 Szezianady (ms) lunsAulaien1suial Gradient Tulnuuwuiueu (G,)
uarAl Gradient TUUNULLIAYT (G)) wagszazlIaTUNIATLIUNIVOUATN TBININTUIA
2560x1440 fnwwa Ae3sn15NUILEue

G, (ms) Gy (ms) |G| +|Gy | (Ms)
L parallel parallel parallel
serial AVX serial AVX serial AVX
AVX AVX AVX
2 0.5495 0.2565 0.7710 0.2779 0.4888 0.1247
3 0.5635 0.2434 0.6152 0.2769 0.4861 0.1172
4 0.5329 0.2296 0.7641 0.2397 0.4573 0.1222
5 0.7269 0.2453 0.8956 0.2514 0.4765 0.1230
6 0.7998 0.2474 0.7906 0.2539 0.4832 0.1305
7 0.6392 0.2370 0.8079 0.2480 0.4504 0.1491
8 0.5210 0.2451 0.5347 0.2483 0.4388 0.1428
9 0.6711 0.2319 0.7079 0.2425 0.4881 0.1371
10 0.6306 0.2513 0.6920 0.2524 0.5071 0.1371
11 0.5711 0.2472 0.6373 0.2474 0.5024 0.1438
12 0.5832 0.2341 0.6241 0.2623 0.4988 0.1307
13 0.5917 0.2669 0.6234 0.2685 0.5117 0.1709
14 0.5890 0.2644 0.5938 0.2563 0.5337 0.1857
15 0.5933 0.2523 0.6316 0.2581 0.5474 0.1463
16 0.5881 0.2555 0.6262 0.2584 0.5282 0.1667
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Wauelagldyndds AVX wuuvuuen L 1afign fie L==3
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[ Horizontal gradient (Gx) calculation using Serial AVX
[ Horizontal gradient (Gx) calculation using Parallel AVX
[ Vertical gradient (Gy) calculation using Serial AVX

[ Vertical gradient (Gy) calculation using Parallel AVX
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[l Edge detection using Serial AVX
[l Edge detection using Parallel AVX
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4.1.6  WANSNAHUNN Gradient Magnitude LAZATINIUMVBUNINYBIFUNIN
YUIN 3872x2160 NNLYa A L YUIAAIG 9

NANISNAADUMITEEELIANTUNITATUILNDN1SUIAT Gradient TulnuLWINBY (G,)
ez Gradient TuunuwuIde (G,) wagszelIalunIsAILIUNIVEUAIN VOINTNIUIA
3872x2160 MNwa $IeISNISNULAUD FakandlunIs19n 4.7

A15197 4.7 szeziianiady (ms) TunsAulaiien1smial Gradient Tulnuwuiueu (G,)
uarAl Gradient TUUNULLIAYT (G)) wagszazlIaTUNIATLIUNIVOUATN TBININTUIA
3872x2160 fnwwa fAe3sn1sNUILEUe

G, (ms) Gy (ms) |G| +|Gy | (ms)
L parallel parallel parallel
serial AVX serial AVX serial AVX
AVX AVX AVX
2 1.8332 1.9360 2.4208 1.7358 1.2975 0.8213
3 1.8029 2.0841 2.3072 1.9285 1.3259 0.9001
4 1.7694 2.0594 2.1483 2.0573 1.2464 0.9234
5 1.9313 2.0408 2.1757 1.9235 1.3107 0.9200
6 2.0134 2.0547 2.0537 2.0583 1.3445 0.9521
7 1.8319 2.1791 2.0736 2.1261 1.3509 0.9550
8 1.7957 2.2654 1.8865 23116 1.3128 0.9672
9 1.8964 2.1524 1.9373 2.1856 1.3271 0.9346
10 1.8221 2.2220 1.9286 2.2511 1.3571 0.9394
11 1.8295 23132 1.8790 2.2658 1.3601 0.9696
12 1.8508 2.2598 1.8768 2.3495 1.3510 1.0211
13 1.8432 2.3590 1.8660 2.3372 1.3775 1.0310
14 1.8262 2.3326 1.8905 2.4200 1.3957 1.0628
15 1.8508 2.3388 1.8661 2.4231 1.4178 0.9964
16 1.9200 2.4299 1.9017 2.4126 1.3975 1.0231
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[ Horizontal gradient (Gx) calculation using Serial AVX
[ Horizontal gradient (Gx) calculation using Parallel AVX
[ Vertical gradient (Gx) calculation using Serial AVX

[@ Vertical gradient (Gx) calculation using Parallel AVX
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[l Edge detection using Serial AVX
[l Edge detection using Parallel AVX
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4.1.7  WansNAHRUNN Gradient Magnitude LaAZATINIUMVBUNINYBIFUNN
YUIN 4928x3264 NNLwa Nl L IUIAAIN 9

NANISNAADUMITEEELIANTUNITATUILNDN1SUIAT Gradient TulnuLWINBY (G,)
ez Gradient TuunuwuIde (G,) wagszelIalunIsAILIUNIVEUAIN VOINTNIUIA
4928x3264 Anwa Ae35N1SNUILAUD AIbandlumnis19n 4.8

A15197 4.8 szeziaady (ms) lunsAulien1suial Gradient Tulnuwuiueu (G,)
uarA Gradient TuUNULLIAT (G)) wagszazlIaTlUNSATLIUIVEUATN VBININVUIA
4928x3264 Wnwa AIIonN15NULEUS

G, (ms) Gy (ms) |G| +|Gy | (ms)
L parallel parallel parallel
serial AVX serial AVX serial AVX
AVX AVX AVX
2 3.8709 4.0276 3.9592 3.7092 2.8012 2.1360
3 3.8815 4.3129 3.6304 4.0779 2.6445 2.3326
4 3.6190 4.3705 4.0248 4.3695 2.4444 2.5222
5 37714 4.4497 4.4957 4.2160 26171 2.5853
6 3.9699 4.5449 4.0791 4.4473 2.5538 2.5920
7 3.7800 4.6874 4.1890 4.5703 2.5348 2.7264
8 3.8759 4.7847 3.9138 4.8006 2.5422 2.6219
9 3.8552 4.6910 4.0530 4.7069 2.6136 2.8303
10 3.8670 4.7531 4.0052 4.8071 2.6010 2.7306
11 3.9024 4.8611 4.1456 4.8523 2.6198 2.7840
12 3.8886 4.8354 4.0376 4.8934 2.6347 2.8449
13 3.8951 4.8914 3.9496 4.9267 2.7593 2.7494
14 3.9375 4.8996 4.0256 5.0192 2.6937 3.0009
15 3.9503 4.9321 4.0133 5.0759 2.7404 2.7615
16 4.0625 4.9415 4.0807 5.0794 2.8566 3.0291
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[ Horizontal gradient (Gx) calculation using Serial AVX

[ Horizontal gradient (Gx) calculation using Parallel AVX
[ Vertical gradient (Gy) calculation using Serial AVX
[@ Vertical gradient (Gy) calculation using Parallel AVX
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[l Edge detection using Serial AVX
[l Edge detection using Parallel AVX
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4.1.8  WAMSNAHRUNN Gradient Magnitude UAZATIIUNIVBUAIWYBIFUAMN
YU 7680x4320 NNLga N L IUIaA19 9

NANISNAADUMITEEELIANTUNITATUILNDN1SUIAT Gradient TulnuLWINBY (G,)
ez Gradient TuunuwuIde (G,) wagszelIalunIsAILIUNIVEUAIN VOINTNIUIA
7680x4320 ANwwa Ae3TN1SNUILEAUD AIandlunnsIean 4.9

A15197 4.9 srezaady (ms) lun1sAwiaiiienisman Gradient Tuwnuuwwiueu (G,)
uazmA1 Gradient TUUAULLIAT (G,) WarIzEZIATIUNSAIUIMMTBUATN VBINTNTUIA
7680x4320 Wniga Ao 1sNUILEUe

G, (ms) Gy (ms) |G| +|Gy | (Ms)
L parallel parallel parallel
serial AVX serial AVX serial AVX
AVX AVX AVX
2 8.6993 8.5192 10.6542 8.4430 5.3920 5.0881
3 8.6720 9.1184 9.2745 9.0982 5.2682 5.8661
4 8.4829 9.2820 10.6192 9.4430 5.3311 6.0432
5 10.5729 9.6140 12.5414 9.4675 5.3130 6.2378
6 11.0979 9.6331 10.8294 9.7148 5.3215 6.3402
7 8.7458 9.9572 11.6056 9.9469 5.3220 6.3975
8 8.6259 9.9806 8.7302 10.1056 5.3618 6.3984
9 9.5956 10.0498 9.9268 10.0731 5.4563 6.5141
10 8.8573 10.1375 9.4248 10.2259 5.5589 6.5662
11 8.7170 10.2350 8.8181 10.2630 5.5885 6.6134
12 8.7516 10.2028 8.7379 10.3773 55914 6.6053
13 8.7499 10.2969 8.8706 10.4000 5.6495 7.0901
14 8.7541 10.3292 8.9160 10.5660 5.6816 6.7366
15 8.8466 10.3656 8.9018 10.5519 5.7349 6.7348
16 9.0444 10.4212 9.1164 10.5207 5.8042 6.7086
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(Gy) We3En15N U NaUBAIBYAAIET AVX WUUBUNTY AN L NIRTignAe L==4 uagIan13¥
UNAUDAIEYAAIET AVX WUUTUIU A1 L NATgARAD L==2 wagd1m3un1311 Gradient Tu
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Y ax A o % o o i Ao oA ax =
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Wauelagldyndds AVX wuuvuuen L 1afign fie L==2



[ Horizontal gradient (Gx) calculation using Serial AVX
[ Horizontal gradient (Gx) calculation using Parallel AVX
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[ Vertical gradient (Gy) calculation using Serial AVX
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[ Vertical gradient (Gy) calculation using Parallel AVX
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[l Edge detection using Serial AVX
[l Edge detection using Parallel AVX
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4.1.9 WANSNAGDUNISRIVIUATNAYISNUILEUDVDINTNUUINGIY
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Canny(img, canny_output, thresh, thresh * 2, 3); 1AYHARNSVBINITATIVIUNVDUN NV D
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fllunmsvsznanaiiievvsunmanainmvageusaeTsunsusiuan 100 ada uagtan
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Y94 OpenCV c: HadnsveINMIvaunmmeisuauindnauslagnisliynds AvX
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Image size (pixel) CV Canny (ms) Serial AVX (ms) | Parallel AVX (ms)
800x600 1.4925 1.3851 1.3777
1024x768 2.1153 1.9767 1.9620

1280x1024 3.4365 3.2796 3.2715
1920x1080 5.9958 5.8544 5.7827
2560x1440 10.6229 10.4296 10.4021
3872x2160 21.8441 21.5319 21.4746
4928x3264 36.1292 35.7046 355237
7680x4320 63.9060 63.3935 63.2033
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Intrinsics on Multi-core Architectures

Thaufig Peng-o
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Abstract—This paper presents the algorithm for augmenting
the processing speed of Sobel and Canny edge detection. By
reducing the number of arithmetic operations and data loads,
the processing time is reduced. Our proposed method is purely
based on software approach which does not require any
accelerated hardware. In addition, the processing speed is
further increased by utilizing the AVX intrinsics and OpenMP.
Our proposed Sobel edge detection is on average 28.29 times
faster than the Sobel function provided by the OpenCYV library.
When applied with the Canny edge detection, ouralgorithm can
augment the speed of OpenCV’s Canny edge detection by 3.73
percent.

Keywords— Sobel, Canny, edge detection, AVX, OpenMP,
multi-core, image processing.

I. INTRODUCTION

Edge detection is an important fundamental process of
image processing and pattern recognition [1]. It is a time-
consuming operation especially when the image size is large.
Because of this reason, some real-time application
implemented edge detection using hardware approach. For
example, the utilization of FPGA [2-5], or the use of GPU[6-
8]to augment the image processingspeed. Althoughusing this
kind of accelerated hardware does help the speed
augmentation, this approach requires higher cost and energy
consumption.

There are many ways to obtain edges from the image, for
example, the Sobel, Prewitt, and Roberts operators. Sobel is
more utilizedthan the others. It can be found in both hardware
and software implementations. It can be utilized in the more
sophisticated edge detection such as Canny edge detection. In
this paper, we propose an optimization method to increase a
processing speed of Sobel edge detection by reducing the
number of arithmetic operations and the amounts of memory
loads. Our approach is based on software modification alone
without the need of any accelerated hardware. The processing
speed is further increased by utilizing the AVX intrinsics and
OpenMP directive calls. We have tested our algorithm versus
the functions provided by the OpenCV library. We found that
our algorithm outperforms both the Sobel and Canny
functions of the OpenCV library.

This paper is organized as follows: section Il details
background and related work, section III describes our

proposed method, section IV presents the experimental
results. The results are discussed and concluded in section V.

II. BACKGROUND AND RELATED WORK

Sobel edge detection is a widely used technique for
locating the edges of images. Its noise reduction is better than

Panyayot Chaikan
Compuier Engineering
Prince of Songkla University
Hadyai, Songkhla
panyayot.c@psu.ac.th

that of both Prewitt and Roberts operators [9-10]. Its
convolution kernels are shownin Figure 1 [11-13].

The gradient in the horizontal and vertical directions,
denoted Gx and Gy respectively, are obtained by convolving
the image with the horizontal and vertical masks of Figure 1.
The gradient magnitude, denoted V£, is approximated by

Vf =lGx|+1Gyl (n
M, My
1o 1021
2.0 -2 ojojfo
10 4 424

Figure 1. Convolution Masks for the Sobel operator: Mx and My are its
horizontal and vertical kernels respectively.

Canny is a more sophisticated edge detection. It provides
low error edges and achieves very high quality of image
segmentation [14]. It requires multi-step process as shown in
Figure 2 [15]. These four main steps include: 1) noise
reduction; 2) gradient magnitude and direction detection; 3)
non maximum suppression; and 4) tracing edges through the
image hysteresis thresholding.

Gradient
magnitude
and direction

H/ Non maximum ”1\ Double

suppression 1/ thresholding

AN
Noise reduction []]_l/
Figure 2. Steps of Canny edge detection.

11, PROPOSED METHOD

Most Sobel edge implementations are based on
convolution method between the image and the Sobel kernel,
as shown in Figure 3. This approach requires 17 arithmetic
calculations: 9 multiplication operations and 8 addition
operations. It is not efficient because some elements of the
Sobel kernel are zeros, so it is a waste of time to read them
and multiply them with the image pixels. Figures 4 and 5
eliminate this drawback away by reducing the number of
image pixel read down to 6 pixels for each gradient detection.
As a result, the number of multiplications and additions are
reducedto 1 and 8 respectively. This method not only reduce
the amounts of arithmetic operations but also reduce the
number of data load from main memory. We further improve
the efficiency of image gradient calculation by calculating the
gradient more than one line at a time, as shown in Figure 6.

Authorized licensed use limited to: Prince of Songkla University provided by UniNet. Downloaded on October 16,2022 at 15:53:36 UTC from IEEE Xplore. Restrictions apply.
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Kernel Image
Gradient 112103 P0| P1| P2
G| = 4 5 6 * | P3 P4 PS5
708 9 P6 P7 P8

G = (IxP0) + (2xPI) + (3xP2)+
(4xP3) + (5xP4) + (6xP5)+
(7xP6) + (8xPT) + (9xP8)

Figure 3. Traditional method for estimating
the gradient magnitude of an image.

Kernel X Image

Gradient X ¢
1,0 | -1 PO P1| P2
= lz2]0 -2 * palpafps
10 -1 P6| P7 P8

Gx = (PO-P2) + 2(P3-P5)+ (P6-P8)

Figure 4. Proposed method for obtaining
the horizontal gradient of an image.

Kernel Y Image
Grading 11211 pol P1l P2
Gy, = |0/0/ 0 * |P3P4P5
1)-2]a PG | P7| P8

Gy = (P0-P6) + 2(P1-P7)+ (P2 -P8)

Figure 5. Proposed method for obtaining
the vertical gradient of an image.

Figure 6 shows our proposed algorithm. It calculates the
gradient magnitude of the image more than one line at a time.
As a result, some arithmetic operation between different
gradient lines can be shared together. For example, if the
number of lines is 4, then the calculation of P6-P8 whichis
required by the GxI, Gx2, and Gx3 derivations can be
performedonlyonce. In addition, the derivationof GX2, Gx3,
and Gx4 can share the calculation of P9-P11. The derivation
of Gx1 and Gx2 can share the calculation of P3-P5. The
derivation of Gx3 and Gx4 can share the calculation of P12-
P14. The derivation of Gyl and Gy3 can share the calculation
of P6+P8. The derivation of Gy2 and Gy4 can share the
calculationof P9+P11.

As aresult, the number of arithmetic operations is reduced
and the processing speed is increased. Let L be the number of
gradient magnitudes to be computed at a time. In theory, the
more L values tends to decrease the number of arithmetic
operations. However, when this algorithm is implemented on
a multicore-architecture, too large value of L leads to the
contention of memory between the processing cores and
degrades the speed of execution. The best value of L must
empirically be determined.
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Image
Horizontal Gradients (Gx):

POUPLIP2 D G = (0- P2y s 2003-P5) + (PG PR)

P3| P4 ps | Gxz = (P3—P5)+2(P6—P8)+(P9—PLI)

Gx3 = (P6—P8)+2(P9— P11)+ (P12-P14)
P6 | P7 P8 | Gxd = (P9—PL1)+2(P12-P14) + (PI5-P17)

Vertical Gradients (Gy):

Gyl = (P0+P2)-(P6+P8)+2(P1-PT)

P12 P13 | P14| G2 = (P3+P5)- (P9 +PL1)+ 2(P4 - PL0)
Gy3 = (P6+P8)— (P12 +P14) + 2(P7 - P13)
Gyd = (P9 + P11) - (P15 + P17) + 2(P10 - P16)

P15 | P16 P17

Figure 6. Example of our proposed method with the parameter of L=—4.

We implemented our proposed algorithm on the shared
memory multi-corearchitecture. To enable parallelization, the
OpenMP directive is called in the C code [16-17], as shown in
Figure 7. The processing speed is further improved by
utilizing the AVX intrinsics. They are built-in functions that
can be mapped to the AVX instruction which supports SIMD
operations [18-20].

#pragma omp parallel
{
int step=image_height / omp_get_num_threads();
for (int x = (omp_get_thread num() * step):
x < ((omp_get_thread _num() + 1) * step):
X += num_line)
{
for (inty = 0; y < image_width; y++)
{
//place the proposed method in this loop-body

:
H
1

Figure 7. An OpenMP directive call and our proposed algorithm.

IV. EXPERIMENTAL RESULTS

We tested the proposed algorithm on the Intel Core i5-
1135G7 machine. At first, we tried to figure out which value
of L would produce the best results. Six values of L, starting
from 2 to 7 were carried out on the image of size 2560x1440.
Each configuration was tested 100 times and the average
execution time was calculated. Figure 8 shows the execution
time for horizontal gradient calculationand vertical gradient
calculation of our algorithm over different sizes of L. The
computationtime for horizontal gradient is lower than vertical
gradient because it can share more arithmetic calculations
between lines. The best execution time of horizontal and
vertical gradient calculation was found when the L==4.

B Horizontal Gradient H Vertical Gradient

0.30

0.25
0.20
0.15
0.10
0.05
0.00
2 3 4 5 6 7

L

Execution Time (mS)

Figure 8. Execution time for horizontal and vertical gradient
calculations of our algorithm over different sizes of L.
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We then compared the execution time of our algorithm
with the execution time of Sobel function provided by the
OpenCV library (version4.5.2). Figure 9 shows the speed-up
of our algorithm over different sizes of L. Although the best
execution time of horizontal and vertical gradient calculation
was found with L==4, the optimum execution time of edge
detection computation was reached at L==3. When the image
size is 2560x1440 and the L value is 3, our edge detection
algorithmis 42.01 times faster than the Sobel function of the
OpenCV library.

as

40
35
30
25
15
10
5
o
2 3 4 5 6 7

L

Speed-up (Times)
8

Figure 9. Speed-up of our proposed edge detections compared to the
OpenCV's Sobel edge detection as a baseline. tested on the image of size
2560%1440.

We then compare the executiontime of ouralgorithm with
the OpenCV library. This test was carried out on eight image
resolutions, as shown in Figure 10. In addition, we tested our
algorithm over 2 different configurations: the serial AVX and
the parallel AVX. The serial AVX differs from the parallel
version in that the OpenMP directives were removed fromthe
C source code. Figure 10 shows that our serial AVX version
is faster than the OpenCV in every image resolution even
though it runs on only single core. It is on average 9.62 times
faster than the OpenCV. Our parallel AVX version is on
average 28.29 times faster than the OpenCV.

O serial AVK B parallel AVX

.JJJJA“WW

B00x600  1024x768 1280x1024 1920x1080 2560x1440 3872x2160 4928x3264 7680x4320
Image Resolution

BERERESE

Speed-up (Times)
w8 &

Figure 10. Speed-up of our proposed edge detections compared to the
OpenCV's Sobel edge detection as a bascline, tested on 8 image resolutions.

We then applied our Sobel implementationto the Canny
edge detection of the OpenCV. The source code of the
cv.Canny() function was modified by removing its original
gradient magnitude and direction calculation away, and be
replaced by our proposed gradient direction detection. The
modified Canny using our proposed algorithm was compared
with its original precompiled version, and the execution time
of both configurations were evaluated. As before, we had two
versions of our modified Canny: the serial AVX and the
parallel AVX.

75

366

0 serial AVX o parallel AVX

MMmmm

800x600  1024x768 1280x1024 1920x1080 2560x1440 3872x2160 4928x3264 7680x4320
Image Resolution

Execution Time Reductions (%)
6 mowoaowmoe o wom e

Figure 11. Execution time reduction rate of two implementations of
our Canny edge detection compared to the OpenCV's Canny edge
function as a baseline.

Figure 11 shows that our modified versions of the Canny
edge detection are faster than the original version provided by
the OpenCV library. Since the Canny edge detection
comprises of many steps, so the speed-up of our modified
Canny code is not as much as in the case of gradient detection
alone. When the image size is 800x600, the best reductionrate
is obtained. The modified Canny utilizing our serial AVX and
parallel AVX can reduce the execution time by 7.19 and 7.69
percent respectively. When the image size is larger, the
percentage of execution time reduction decreases. The Canny
edge detection utilizing our serial AVX algorithm is on
average 3.24 percent faster than that of the OpenCV library.
Our parallel AVX Canny is a little bit faster than the serial
versionand is on average 3.73 percent faster than the original
version of the OpenCV library.

V. DISCUSSIONS AND CONCLUSIONS

We have proposed an efficient method to augment the
processing speed of Sobel and Canny edge detection by
reducing the amounts of arithmetic calculations and data
loading. We have demonstrated that our algorithm effectively
reduces the execution time of Sobel edge detection. Our
approach is cost effective since it requires only software
modification without the need of any hardware accelerator.
Our single thread and multi-thread implementations are both
faster than the standard Sobel function provided by the
OpenCV library. We have also demonstrated that the
utilization of our algorithm in the Canny edge detection
process can reduce its execution time. Since our algorithm
reduces the amount of data loads and arithmetic operations. It
possibly reduces the energy required for program execution.
Our future work will focus on this issue.
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ARTICLE INFO ABSTRACT

Keywords: Sobel edge detection is widely used in computer vision and image processing but its processing time becomes a
Sobel . serious problem in real-time environments, especially when an image is very large. Instead of utilizing a
Edge detection hardware-accelerated approach, we propose a purely software-based method which is simpler and cheaper. Our

QV:nMP algorithm reduces the number of arithmetic operations and data loads, so that processing speed is increased and
[“fqge processing energy consumption reduced. The processing time is further reduced by the use of AVX intrinsics and OpenMP
Multi-core directives which distribute the workload among the AVX engines in a multi-core architecture. Our algorithm

reduces the number of arithmetic operations by 22.73% compared to that of the state-of-the-art Sobel (SOAS)
algorithm, while the number of data loads are reduced by 43.75% compared to SOAS. Performance and energy
consumption comparisons between our algorithm and SOAS, as well as with the Sobel functions offered by the
OpenCV and IPP libraries are investigated, and the results demonstrate that a multi-core version of our algo-
rithm, implemented by AVX intrinsics, is on average 3.20, 9.34, and 13.99 times faster than IPP, SOAS, and
OpenCV respectively. Also, it consumes an average of 2,91, 8.43, and 11.21 times less energy than IPP, SOAS,
and OpenCV. Our algorithm, utilizing software modifications alone, benefits from both shorter development time
and reduced cost compared to hardware approaches relying on an FPGA, ASIC, or GPU, making it more suitable

for resource-constrained environments.

1. Introduction

Edge detection is a fundamental operation in computer vision, image
processing, and pattern recognition. However, its processing time be-
comes a serious problem in a real-time environment when the image is
very large, or there are multiple images in a very large database. This
problem can be addressed in several ways, for example, Joshi et al. uses
an application-specific integrated circuit (ASIC) [1], while other re-
searchers utilize FPGA [2-6], or employ the GPU to augment processing
speeds [7-9]. ASIC delivers the highest performance and consumes less
energy than the other approaches, but comes with a very high devel-
opment cost. FPGA is cheaper than ASIC but its price is still high
compared to using a GPU. Although GPU performance is satisfactory, it
consumes more energy than the FPGA and ASIC approaches [10]. We
propose a solution to these issues by modifying software alone, which is
both simpler and cheaper than hardware approaches.

The Sobel operator is one of the most popular edge detection
methods, offering better performance than the Prewitt or the Robert
operators in terms of noise tolerance [11], and ease of implementation in
hardware such as ASICs or FPGAs [1, 2]. It can also be used as the basis

* Corresponding author.
E-mail address: panyayot.c@psi.ac.th (P. Chaikan).

https://doi.org/10.1016/j.micpro.2021.104368

for more sophisticated edge detection schemes, such as the Canny
operator [12, 13].

We propose a novel approach to augmenting the processing speed of
the Sobel edge detection. Our algorithm reduces the number of arith-
metic operations by 22.73% compared to that of the state-of-the-art
Sobel implementations, while the number of data loads are reduced by
43.75%.

Our contributions are as follows. First, we propose a method to
augment the processing speed of Sobel edge detection by reducing the
number of arithmetic operations and data loads. Second, different
implementations of our algorithm are investigated by utilizing standard
C and AVX intrinsics, and their performance are compared. Third, the
processing speed and energy consumption of the Sobel edge functions
provided by two well known image processing libraries are compared
with our algorithm.

Qur paper is organized as follows: Section 2 details background and
related work, and Section 3 describes our algorithm. Section 4 outlines
our implementation utilizing AVX intrinsics, and Section 5 presents
experimental results. The results are discussed in Section 6, and Section
7 concludes the paper.

Received 2 June 2021; Received in revised form 16 September 2021; Accepted 12 October 2021
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0141-9331/© 2021 Elsevier B.V. All rights reserved.
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Fig. 1. Two convolution masks for the Sobel Operator:(a) a horizontal mask
and (b) a vertical mask.

for (F=v-1; jSv+L; j++)
{

dslu, j)= Plutl, J) - Plu-1,7):
sylu,J)= Plutl, J} + P(u-1,7):

}

for (k=v; kSvtl-1; k++)

{
Gxlu, k) = dxlu, k-1) + 2delu, k) + de{u, k+1);
Gy (u, k) sylu, k+1) - sylu,k-1) + 2[P(u, k+1) - P(u, k-1)]
VE(u, k) 1Ge(u k)| + 164(u, k)|

}

Fig. 2. Calculating the gradient magnitude using the L parameter,
2. Background and related work

Sobel edge detection searches for an edge by means of a gradient
method [14, 15]. For example, a gradient in the horizontal direction (Gy)
is obtained by convolving the horizontal mask in Fig. 1(a) with an
image. A vertical gradient (Gy) is derived by applying the vertical mask
in Fig. 1(b) in a similar way. The gradient magnitude, defined as Vf, is
obtained by using:

Vf = /Gl + G (1
Applying square root and squaring operations over all the pixels of

the image is computational expensive, so most implementations reduce
the burden by using the approximation [2, 4, 5, 15] which is defined as:

Vf = |G+ |G| (2)

The simplicity of convolution masks means that most state-of-the-art
Sobel (SOAS) implementations [2, 5] try to avoid direct convolution
between the masks and the image by utilizing addition, subtraction, and
left-shift operations. There is no need to perform multiplications be-
tween all the zeros and ones of the masks and image pixels. Also,
multiplication by two can be replaced by a left-shift which is simpler and
requires less energy [2,5]. If P(j, j) is the source image pixel located at (i,
Jj), then the horizontal gradient at location (u, v) can be determined by:

G(wv) = :P[u+ lLv=1)=Plu—1,v— l)] +2[P(u+ 1.v)
—Plu—1v)|+[Pu+1v+1)—Plu—1,v+1) (3)

and the vertical gradient is:

Gy(u,v) =[Plu+1v+1)+Pu—1v+1)] = [Plu+1.v—1)
+P(u—1,v = 1) + 2[P(u, v+ 1) — P(u,v — 1)] (4)

By applying Eqs. (2) — (4), to the input image, SOAS effectively re-
duces the number of arithmetic operations required by 59.46%
compared to convolution. However, our approach further reduces the
amount of SOAS computation, thereby increasing the processing speed
and reducing energy consumption.

3. Proposed method

Most Sobel edge detection implementations, including SOAS,
calculate the gradient magnitude one line at a time. The process starts
from the left-most pixel, and the adjacent pixels in the same line are
calculated one by one until the gradient magnitude of the line is ob-
tained. This process is applied to the image line by line until the image
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have been completely processed.

We calculate the gradient magnitude by utilizing more than one line
at a time, which allows some arithmetic operations to be shared among
lines, so the total number of calculations is reduced.

If L is the number of lines used to calculate the gradient magnitude at
atime, then Vf(u, v), Vi, v+ 1), ..., VA, v + L - 1) can be calculated as
shown in Fig. 2.

The first for-loop in Fig. 2 generates partial differences (d,), and
partial sums (sy) of the image pixels in the horizontal and vertical di-
rections, respectively. The second loop uses these values to calculate the
vertical and horizontal gradient before the gradient magnitude is
derived.

For example, if L == 4, then six partial differences in the x-direction,
denoted d,, are calculated:

de(, v-1)=Pu+1,v-1)-Plu-1,v-1);

dyli, v) = P(u +1,v) - P(u-1,v);

dfwv+1D)=Pu+1,v+1)-Plu-1,v+1)

dw, v+ 2)=Plu+1,v+2)-Plu-1,v+2);

ddw,v+3)=Pu+1,v—+3)-Plu-1,v+3);

dy(i, v+ 4)=Pu+ 1,v+4)-Plu-1,v+4).

The partial sums in the y-direction, denoted sy, are also obtained:

s, v-1)=Pu+1,v-1) + Plu-1,v-1);

sy, v) = P(u + 1, v) + P(u -1, v);

s, v+ 1) =Pu+1,v+ 1)+ Plu-1,v+1);

sty v+2) =Pu+1,v+2)+Pu-1,v+2)

sy, v+ 3) = Pu+ 1, v+ 3) + Plu-1,v + 3)

s v+4) =@+ 1, v+4)+Pu-1,v+4).

The four horizontal gradients are obtained using:

Gli, v) = dylu, v - 1) + 2dy(1, v) + dy(u, v + 1);

Gl v + 1) = dlt, v) + 2dx(1, v + 1) + dui, v + 2);

Golit, v+ 2) = dyla, v + 1) + 2di(u, v + 2) + dylu, v + 3);

Gy, v+ 3) = dylu, v + 2) + 2dy(u, v + 3) + dy(s, v + 4).

The four vertical gradients are:

Gylw, v) = sy, v + 1) - sy, v- 1) + 2[P(w, v + 1) - P(w, v - 1)];

Gylu, v + 1) = s(u, v + 2) - 5(u, v) + 2[P(w, v + 2) - P, V)];

Gylu, v+ 2) = 5, (1, v + 3) - 51, v+ 1) + 2[P(w, v + 3) - P, v + 1)];

Gylw, v+ 3) = sy, v + 4) - sy, v + 2) + 2[P(u, v + 4) - P(u, v + 2)].

The four gradient magnitudes, which are vertically aligned, are
determined using:

Vf (W, v) = |Gl v)| + |Gy, v)|;

V@ v+ 1) = |G, v+ 1)| + |Gylu, v + 1)];

Vf(w v+ 2) = |Gy, v + 2)| + [Gyu, v + 2)|;

Vf @, v+ 3) = [Gelw, v + 3)| + |Gy(w, v + 3)|.

The calculation of d,(u, v + 1) is performed only once, but its result is
used to calculate three horizontal gradients — G, (u, v), G (u, v + 1), and
Gylu, v + 2) — thereby reducing the number of subtractions. In a similar
way, dy(u, v) is employed by both G,(u, v) and G, (1, v + 1), and d.(u, v +
2) is used by Gy (u, v + 1) and G (i, v + 2). In addition, d.(u, v + 3) is
utilized by G (u, v + 2) and G(u, v + 3).

The vertical gradients also share partial sums, but to a lesser degree.
For example, s,(u, v + 1) is used by Gy(u, v) and Gy(u, v + 2), and s,(u, v +
2) is utilized in Gy(u, v + 1) and Gy(u, v + 3).

The first for-loop in Fig. 2 needs to be completely unrolled so that all
of the dy and dy values are retained in the CPU’s register or cache for
faster access by the subsequent gradient calculations. When this algo-
rithm is implemented, an optimized value for L needs to be determined
which produces best performance.

Our algorithm requires the same number of absolute and left-shift
operations as SOAS. However, our method requires less additions and
subtractions because they are shared between lines. For the previous
example, our algorithm requires 36 additions and subtractions to pro-
duce four vertically aligned gradient magnitudes, denoted Vf(u, v), Vf
(uw, v+ 1), VAu, v + 2), and Vf(y, v + 3). On the other hand, SOAS re-
quires 11 additions and subtractions for each gradient magnitude based
on Eqs. (2) — (4). This means that SOAS requires 44 additions and sub-
tractions to produce the same number of gradient magnitudes.
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Fig. 3. The percentage of addition/subtraction reductions in our algorithm compared to SOAS.
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Fig. 4. The percentage of data load reductions in our algorithm compared to SOAS.

Therefore, our algorithm reduces the number of additions and sub-
tractions compared to SOAS by 18.18 percent in this case.

Let Vf be the gradient magnitude for an image of size w x h. The
number of additions and subtractions is denoted as OP4g, which in our
algorithm with the L parameter is determined by:

OPys

_ hw(8L+4)
-— (5)

However, the OP,s equation for SOAS is:
OPys = 11"h"w. (6)

Fig. 3 shows the percentage of addition/subtraction reductions for
our algorithm compared to SOAS, with L ranging from 2 to 30. When L
< 10, the reduction rate increases dramatically with increasing L.
However, when L > 10, the reduction rate still increases with increasing
L, but at a lower rate.

Our algorithm not only reduces the number of add/subtract opera-

tions, but also the number of data loads. When processing an image of
size w x h, the number of data loads, denoted as LOADnypm, of our al-
gorithm is:

(L4 w
e

LOADyym )

However, the LOADyyp for SOAS is:
LOADyuy = 8" w. ®)

Fig. 4 shows the data load reduction percentage for our algorithm
compared to SOAS when L ranges from 2 to 30. It follows the same
pattern as Fig. 3, with the load reduction rate high for smaller values of
L, but becoming more less significant with larger L.

Figs. 3 and 4 illustrate how the L value affects the number of arith-
metic and data load reductions, and in particular that after a certain
value of L is reached, the improvement becomes almost constant.
Clearly, for the best performance, this value of L must be determined.
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Fig. 5. An example of using the AVX intrinsic function _mm256_add epil6.
4. Implementation utilizing conventional C and AVX intrinsics

Modern computer architectures come equipped with powerful SIMD
instructions, such as those found in the NEON [16] extension to the ARM
architecture, or the Altivec [17] instructions in the PowerPC platform.
For the x86 architecture, the Advanced Vector extension (AVX) provides
256-bit SIMD registers supporting both floating-point and integer op-
erations [18]. These allow eight 32-bit or sixteen 16-bit integer values to
be processed within one clock cycle, and for floating-point data, they
permit eight single precision or four double precision values to be pro-
cessed simultaneously.

Several researchers have looked at using AVX to augment processing
speeds. For example, Lasch et al. employed it to enhance strong string
dictionary compression [19], and Zhang et al. utilized it to accelerate the
determination of 3D rotations for aligning two objects or sets of points
[20]. Fortin et al. used AVX to increase the efficiency of polynomial
factorization and polynomial greatest common divisor computation
[21], Hemeida et al. optimized matrix-matrix multiplication speed on a
multi-core architecture [22], and Andre et al. utilized AVX for efficient
nearest neighbor search in high-dimensional space [23].

There are three ways to take advantage of AVX instructions in G [24]:
1) by using AVX inline assembly; 2) by employing the compiler’s auto-
matic vectorization features; or 3) by utilizing compiler intrinsics.
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Unfortunately, some current C compilers only support inline as-
sembly in 32-bit applications [25], so we decided to implement our al-
gorithm using two different approaches: 1) by utilizing conventional C
with the compiler’s automatic vectorization left to generate the machine
language for using the AVX instructions; and 2) by coding with AVX
intrinsics directly, which allows us to vectorize our algorithm ourselves,
and so obtain maximum performance. Fig. 5 shows an example of how to
use the intrinsic function _mmz256_add_epil6, which is translated into be
the machine instruction "vpaddw ymm, ymm, ymm", and allows sixteen
16-bit integer operands to be added during one machine cycle.

Fig. 6 shows the C implementation of our algorithm when L==2. It
generates two vertically aligned gradient magnitudes by reading 12
source image pixels. It requires only 20 additions/subtractions, while
SOAS needs 22 operations to produce the same result.

Manual vectorization using intrinsic functions can easily outperform
a compiler’s automatic vectorization, as confirmed in work by Amiri and
Shahbahrami [26]. However, for our algorithm to fully utilize the CPU’s
AVX capabilities, the AVX intrinsic functions must be called from C [27].
Rather than employing AVX floating-point instructions, we decided to
implement our algorithm by utilizing AVX's integer instructions for two
reasons. The first is that they allow sixteen 16-bit signed integer values
to be processed simultaneously, twice the number for single precision
floating-point operations [18]. The second is that they are faster than
floating-point arithmetic and require less energy.

Every image pixel load shown in Fig. 6 is replaced by the AVX integer
load function _mm256_loadu si256, as shown in Fig. 7 (lines 12-16). As
an AVX register is 256 bits large, one load operation can read 32 8-bit
image pixels into the AVX register. These pixels must be processed in
two halves. The first half, named POL, and comprising p0-p7 and
p16-p23, are extracted and interleaved with zeros kept in a z variable
before storing the sixteen 16-bit signed integers in the AVX register. This
8-bit to 16-bit zero extension process is carried out by the _mm256_un-
packlo_epi8 function, as shown on lines 18-22. The second half, named
POH, and comprising p8-p15 and p24-p31, are zero extended in a similar
way but by means of the -mm256 unpackhi epi8 function. This zero
extension process is required for every image pixel load, producing
lower and higher half variables with the suffix ‘L’ and ‘H’ respectively,
(e.g. variables POL-P11L and POH-P11H in Figs. 7 and 8). Each half is

1| char *pS8;//pS8 is a pointer to the source image

2 | char *pD8;//pD8 is a pointer to the destination image

3 | typedef short s;:

4 | short DOx,D1x,D2x,D3x, SOy,Sly,S2y,S3y;

5 | short PO,P1,P2,P3,P4,P5,P6,P7,P8,P9,P10,P11;

6

7 | int step2 = image_ width;

8 | int step3 = 2*image_width;

9 | int step4 = 3*image_width;

10

11 | PO=(s) *pS8; Pl=(s) * (pS8+1) ; P2=(s) * (pS8+2) ;

12 | P3=(s) * (pS8+step2); P4=(s) * (pS8+step2+1); P5=(s) * (pS8+step2+2) ;
13 | P6=(s) * (pSB+step3); P7=(s) * (pS8+step3+1); P8=(s) * (pS8+step3+2) ;
14 | P9=(s) * (pS8+stepd); P10=(s) * (pS8+stepd+1); Pll=(s)* (pS8+stepd+2);
15

16 | DOx = P2-PO; S0y = P2+P0;

17 | D1x = P5-P3; Sly = P5+P3;

18 | D2x = P8-P6; S2y = PB+P6;

19 | D3x = P11-P9; S3y = P11+P%;

20

21 | short GOx = DOx + (Dlx<<1l) +D2x;

22 | short Glx = Dl1lx + (D2x<<1l) +D3x;

23 | short GOy = SO0y - S2y + (P1-P7)<<1;

24 | short Gly = Sly - S3y + (P4-P10)<<1l;

25

26 | short RO = abs (GOx) + abs(GOy);

27 | short Rl = abs(Glx) + abs(Gly);

28 | *(pDB+step2) = RO;

29 | * (pD8+step3) = R1;

Fig. 6. The key parts of our algorithm implemented in C with L == 2.
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1 | char *pS8;//pS8 is a pointer to the source image

2 | char *pD8;//pD8 is a pointer to the destination image

3 | _m256i PO,P1,...,P11, POL,P1L,...,P11L, POH,P1H,...,P11H;

4| m256i DOL,D1L,D2L,D3L, DOH,D1H,D2H,D3H;

5] __m256i soL, s1L, s2L,S3L, SOH,S1H,S2H,S3H;

6| m256i z = mm256 setzero si256();

7

8 [ int step2 = image_width;

9 | int step3 = 2*image width;

10 | int stepd = 3*image width;

11

12 | PO = mm256 loadu_si256((__m256i*)ps8);

13 | P1 = mm256_lcadu_si256((__m256i*) (pS8 + 1));

14| ...

15 | P10 = _mm256_loadu_si256 ((__m256i*) (pS8 + step4d + 1));

16 | P11 = mm256_loadu_si256((__m256i*) (pS8 + stepd + 2));

17

18 | POL = mm256_unpacklo_epi8(P0,z); POH = mm256 unpackhi_epi8 (PO, 2z);

19 | PIL = mm256_unpacklo epi8(Pl,z); PlH = _mm256_ unpackhi_epi8(Pl, z);

20| ...

21 | P10L = mm256 unpacklo epi8 (P10,z); P10H = mm256 unpackhi_epi8 (P10, z);

22 | P11L = mm256_unpacklo_epi8 (P11,z); P11H = mm256 unpackhi_epi8 (P11, z);

23

24 | DOL = mm256_sub_epil6 (P2L, POL); DOH = mm256 sub_epil6 (P2H, POH);

25 | DIL = mm256_sub_epil6(P5L, P3L); DIH = mm256 sub_epil6 (P5H, P3H);

26 | D2L = mm256 _sub epil6 (P8L, PéL); D2H = mm256 sub_epil6 (P8H, P6H);

27 | D3L = mm256 sub epil6(P11L, P9L); D3H = mm256_sub_epilé (P11H, P9H);

28 | SOL = mm256_add_epil6(P2L, POL); SOH = mm256 add epilé (P2H, POH);

29 | S1L = mm256_add_epil6(P5L, P3L); S1H = mm256_add_epil6(P5H, P3H);

30 | S2L = _mm256_add_epil6 (P8L, P6L); S2H = mm256_add_epil6 (P8H, P6H);

31 | S3L = _mm256_add_epil6 (P11L, P9L); S3H = mm256_add_epilé (P11H, P9H);

32

33 | GOXL = _mm256_add_epil6(_mm256_add epil6(DOL, _mm256_slli_epil6(D1L, 1)), D2L):
34 | G1xL = _mm256_add_epil6(_mm256_ add epil6(D1L, _mm256_slli epilé(D2L, 1)), D3L):
35| SOL = _mm256_sub_epil6 (SOL, S2L);:

36 | S1IL = mm256_sub_epil6 (S1L, S3L):

37 | GOyL = mm256 add epil6(SOL, mm256 slli epil6( mm256 sub epil6(P1L, P7L), 1));
38 | GlyL = mm256_add epil6(S1L, mm256 slli epil6( mm256 sub_epil6(P4L, P10L),

39| 1));

40

41 | GOxH = mm256_add_epilé(_mm256_add_epil6é(DOH, _mm256_slli_epil6(D1H, 1)), D2H);
42 | G1xH = _mm256_add_epil6 (_mm256_add epil6(D1H, _mm256_slli_epil6(D2H, 1)), D3H):
43 | SOH = _mm256_sub_epil6 (SOH, S2H);

44 | S1H = _mm256_sub_epil6 (S1H, S3H);

45 | GOyH = mm256 add epil6(SOH, mm256 slli epil6( mm256 sub epil6(P1H, PTH), 1));
46 | GlyH = mm256 add epil6(S1H, mm256 slli epil6( mm256 sub epil6(P4H, P10H),

47 [ 1))

48

49 | ROL = mm256_add_epil6(_mm256_abs_epil6 (GOxL), _mm256_abs_epil6 (GOyL)):

50 | RIL = _mm256_add_epil6 (_mm256_abs_epil6(GlxL), _mm256_abs_epil6(GlyL));:

51

52 | RO = _mm256_packus_epil6(ROL, ROH);

53 | R1 = mm256_packus_epil6(R1L, R1H):;

54 | _mm256_store_si256((__m256i*) (pD8 + step2), RO);

55 | _mm256_store_si256((__ m256i*) (pD8 + step3), Rl):

Fig. 7. The key parts of our algorithm utilizing AVX with L == 2.

processed separately using the AVX arithmetic and logic instructions.
The add, the subtract, the absolute, and the left shift operations which
are utilized in the C code in Fig. 6 are replaced by the functions
_mm256_add epil6, _mm256_sub epil6, _mm256_abs epil6, and
_mm256_slli_epi16 respectively, as in Fig. 7. Utilizing these functions al-
lows sixteen image pixels to be processed simultaneously.

After both the lower and higher halves of the results are obtained,
each consisting of sixteen 16-bit signed integers, they are converted back
to 8-bit integers using unsigned saturation by calling _mm256 pack-
us_epil6, as illustrated in Figs. 7 and 8.

Our algorithm to distributes its workload among the core’s AVX
engines by calling an OpenMP directive in the C code, as shown in Fig. 9.
It lets the runtime environment create multiple threads on different

cores, and also splits the data between the cores to enhance data
parallelism [24, 28].

5. Experimental results

We tested our algorithm on a 2.5 GHz Core i7-4710HQ (Haswell
microarchitecture) with four processing cores and Hyperthreading
turned on, coding in Microsoft Visual C++ 2019 and OpenMP. We
implemented our algorithm using two approaches: 1) with the arith-
metic operations provided in standard C, as in the example in Fig. 6, and
2) with the AVX load and arithmetic intrinsic functions, as in the
example in Fig. 7.

Each approach resulted in two implementations: one serial, the other
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Fig. 8. Separating 32 image pixels into two packs of sixteen 16-bit data, before and after processing them with AVX's 16-bit-integer arithmetic instruetions.

#pragma omp parallel for
for (int y = 03 y < inaga_rows; y++
for (int x = 0; x < image_columns; xi+)

/fplace the Sobel algorithm in this loop-body

Fig. 9. An OpenMP directive used with Sobel edge detection.

parallel. As a result, there are four possible configurations for our al-
gorithm: 1) a serial version utilizing standard C, called "serial non-AVX"
in Fig. 10, 2) a parallel version utilizing OpenMP ("parallel non-AvX"),
3) parallel version using AVX ("parallel AVX"), and 4) a serial version
employing AVX ("serial AVX").

Ten values for L, ranging from 2 to 15, were tested to find the most
appropriate number of image lines to process at a time. An image of size
3840 x 2160 was passed to each implementation and the execution
times measured. Each configuration was run 20 times, and the average

execution times are shown in Figs. 10 and 11.

Figs. 10 and 11 show that when L is small, performance increases
with its size. However, performance drops when L reaches a certain
value. For the non-AVX code, the maximum performance for the serial
and parallel implementations is obtained when L is 10 and 9. For the
AVX code, peak performance for the serial and parallel implementations
occurs when L is 7 and 8. All subsequent tests used these settings to
obtain maximum performance.

In summary, when the source image is of size 3840 x 2160, parallel
AVX is the most effective implementation, on average 1.40 times faster
than the serial version utilizing AVX alone. Also, this implementation is
on average 10.75 and 4.06 times faster than the serial and parallel
implementations of the non-AVX code.

We also compared the performance of our four implementations
against the SOAS and the Sobel functions provided by Intel’s Integrated
Performance Primitives (IPP) and the OpenCV libraries. The kernel size
of the filters in these libraries were set to 3 x 3, and their gradient

@ parallel non-AVX @ serial non-AVX

Execution Time (mS)

Fig. 10. Performance of the non-AVX code with different L parameters.
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Execution Time (mS)

Fig. 11. Performance of the AVX code with different L parameters.

Table 1

Performance of the four implementations of our algorithm compared to the IPP, OpenCV, and SOAS libraries.

Image Resolution Execution Time (mS)

Our Algorithm PP OpenCV SOAS
SerialNon-AVX ParallelNon-AVX Serial AVX ParallelAVX
1920 x 1080 3.009 1.159 0.329 0.107 0.553 2.628 1.831
2560 x 1440 5.480 2178 0.624 0.228 1.082 4.871 3.429
3840 x 2160 12.425 4.830 1.706 1.171 2.658 10.887 6.823
4896 x 3264 24.535 9.998 3.295 2.808 5.308 21.033 13.716
7680 x 4320 55.618 22.885 7.136 6.584 12.813 47.662 30.394
18.00 B parallel AVX
__ 16.00 @ serial AVX
© 14.00 oIPP
E 12.00 - O parallel non-AVX
I 10.00 - B SOAS
3 8.00 - 0O OpenCV
T 6.00 4 @ serial non-AVX
§ 4.00 -
2.00 +
0.00 -

1920x1080 2560%1440

3840%2160

Image Resolution

4896%3264 7680%4320

Fig. 12. Speed-ups of the four implementations of our algorithm, IPP, and OpenCV compared to SOAS as a baseline.

magnitude derivation options set to utilize the absolute operation
instead of square root. We tested five image resolutions: 1920 x 1080,
2560 x 1440, 3840 x 2160, 4896 x 3264, and 7680 x 4320, and for
each configuration, the image was processed 20 times and the average
execution times evaluated. Table 1 compares the performance of the
image edge detection of our algorithm with the IPP, OpenCV, and SOAS
libraries.

Fig. 12 shows the speed-ups of the implementations of our algorithm,
OpenCV, and the IPP libraries, by utilizing execution time of SOAS as a
baseline. OpenCV and our serial non-AVX code are on average 34.39 and
42.88 percent slower than SOAS. However, SOAS is on average 1.44,
2.77, 4.64, and 9.34 times slower than our parallel non-AVX code, IPP,

the serial AVX code, and the parallel AVX code respectively. In other
words, IPP is faster than our parallel non-AVX code but slower than the
AVX implementations of our algorithm.

By utilizing the Intel Power Gadget tool [29], we also compared the
energy consumption of image edge detection utilizing SOAS, OpenCV,
IPP, and the four implementations of our algorithm using the same five
image resolutions as before. For each configuration, the image was
processed 20 times and the average energy consumption (in Joules) are
shown in Table 2.

Fig. 13 shows the energy reductions of the implementations of our
algorithm, OpenCV, and [PP libraries by utilizing the energy consump-
tion of SOAS as a baseline. On average, SOAS consumes 25.46 and 29.21
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Energy consumption of the four implementations of our algorithm compared to the IPP, OpenCV, and SOAS libraries.

Image Resolution Energy consumption (m.J)

Our Algorithm IPP OpenCV SOAS
SerialNon-AVX ParallelNon-AVX Serial AVX ParallelAVX

1920 = 1080 85.369 41.452 9.962 4.447 19.407 83.444 64.374
2560 = 1440 156.179 76.351 20.034 9.435 38.449 155.280 115.827
3840 x 2160 358.326 180.665 50.276 41.668 94.415 309.669 246.484
4896 « 3264 703.775 353.004 104.491 95.205 187.415 672.031 498.318
7680 = 4320 1595.083 814.020 233.6260 242.317 449.753 1537.783 1033.760

- 16.00 W parallel AVX =

4 .

£ 14.00 O serial AVX =)

E 12.00 W IPP

€ 10.00 O parallel non-AVX

s 1o B SOAS

S 8.00 O OpenCV B

- .

@ 6.00 M@ serial non-AVX ml

% 400

53 = _

= 2.00 B B m

LE 0.00 Jl:-_‘

1920%1080 2560%1440 3840%2160 4896x3264 7680x%4320
Image Resolution

Fig. 13. Energy reductions of the four implementations of our algorithm, IPP, and OpenCV compared to SOAS as a baseline.

percent less energy than OpenCV and our serial non-AVX code. How-
ever, SOAS consumes on average 1.42, 2.78, 5.27, and 8.43 times more
energy than our parallel non-AVX code, IPP, the serial AVX, and the
parallel AVX implementations respectively.

6. Discussion

As reported in the previous section, the most appropriate L values for
the serial non-AVX, the parallel non-AVX, the serial AVX, and the par-
allel AVX implementations were 10, 9, 7, and 8 respectively. For smaller
sizes of L, the performance was lower because less arithmetic operation
reduction was possible. With bigger L’s, the increased arithmetic oper-
ation reduction was offset by the increase in the number of variables in
the code. In particular, the limited number of the AVX registers caused
register spilling to increase with more variable. Register spilling in-
creases memory accesses, which is much slower than accessing registers.

Another question is why the optimum values for the non-AVX
implementations (10 and 9) are higher than those for the AVX imple-
mentations (7 and 8). The AVX load instruction reads pixels from
memory 32 bytes at a time. However, the simpler instruction in the non-
AVX implementations writes to a C "short" variable which can only hold
two bytes. This means that AVX code accesses memory at a much higher
rate than non-AVX instructions. This means that the L value for the non-
AVX code can be set higher than that for the AVX code before register
spilling causes extra memory accesses.

The previous section showed that our serial non-AVX code is slower
than SOAS. This is because the serial code is unable to distribute its
workload among cores unlike SOAS, even though it requires less arith-
metic operations. However, our parallel non-AVX implementation is on
average 1.44 times faster than SOAS.

OpenCV is faster than our serial non-AVX code because it utilizes
AVX instructions (if the CPU supports them) and a multi-core architec-
ture [30]. However, OpenCV’s Sobel function is slower than the one in
SOAS because it uses convolution which requires a larger number of

arithmetic operations.

IPP is faster than SOAS, OpenCV, and our parallel non-AVX code
because it is fully optimized for Intel processors and effectively utilizes
all of the AVX engines in all of the cores [31]. However, our AVX
implementations are faster even though IPP also supports AVX and a
multi-core architecture. Our AVX-implementation is faster because it
uses less data loads and less arithmetic operations.

The next question is why the speed-up of our algorithm compared to
SOAS is high when the image size is small, but dramatically drops as the
size increases? Much of the speed when the image size is small is caused
by the cache effect. For example, the speed-up of the parallel AVX code
versus SOAS for images of size 1920 x 1080 and 7680 x 4320 is 17.11
and 4.62 times. Profiling revealed that when the image is small, all the
data can be stored inside the CPU cache, so the AVX engines can process
them without delay. However, when the image is larger than the cache,
the speed-up decreases due to memory bottlenecks because each core
has to wait for data coming from main memory. This phenomenon oc-
curs not only with our AVX code, but also with IPP and OpenCV, as
shown in Fig. 12.

Our parallel AVX code effectively distributes the workload among all
the processing cores only when the image size is small. For example, it is
3.07 times faster than the serial AVX code when the image size is 1920 x
1080. However, it is only 1.08 times faster when the image size is 7680
* 4320. The main reason for this are memory bottlenecks and increasing
memory contention among the cores, On average, our parallel AVX code
is 3.20, 9.34, and 13.99 times faster than [PP, SOAS, and OpenCV.
However, when processing very large images, the parallel AVX code
speed-ups drop to 1.95, 4.62, and 7.24 times faster than IPP, SOAS, and
OpenCV.

Compared to OpenCV and IPP, the energy consumption of our code
follows the same pattern as its speed-ups. The energy reduction rate is
high when the image is small, but drops as the image gets bigger. There
are two main reasons why our algorithm is more energy efficient than
IPP and OpenCV: it requires less arithmetic operations and less data
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loads. On average, our parallel AVX code’s energy consumption is 2.91,
8.43, and 11.21 times less than IPP, SOAS, and OpenCV. However, for
very large images, the energy consumption is only 1.86, 4.27, and 6.35
times less than IPP, SOAS, and OpenCV.

7. Conclusions

We have proposed a new algorithm for Sobel edge detection that is
both faster and consumes less energy. By processing multiple rows of an
image at once, the arithmetic operations for different rows can be shared
so that the number of data loads and arithmetic calculations are
reduced. Four different configurations of our algorithm were imple-
mented, and their performance evaluated against the state-of-the-art
Sobel (SOAS) algorithm, and the Sobel functions of the IPP and
OpenCV image processing libraries.

Peak performance is obtained from our algorithm when it is imple-
mented using AVX intrinsics and parallelized using OpenMP directives
with L == 8. This configuration reduces the number of arithmetic op-
erations and data loads by 22.73 and 43.75 percent compared to SOAS.
The experimental results shows that our parallel AVX implementation is
on average 3.20, 9.34, and 13.99 times faster than IPP, SOAS, and
OpenCV respectively. Also, it consumes an average of 2.91, 8.43, and
11.21 times less energy than IPP, SOAS, and OpenCV.

Our algorithm adds another choice to the range of approaches for
augmenting processing speed but without requiring accelerated hard-
ware such as an FPGA, ASIC, or GPU. Our algorithm, based on software
modifications alone, offers both shorter development time and reduced
cost compared to these other methods, making it more suitable for use in
resource-constrained environments.
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