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Optimization of GPU-based Eigenface Algorithm
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Abstract Eigenface algorithm is one of the commonly used face recognition methods based on facial representation. When the
amount of training data is large,it is very time-consuming both training and testing modules. Based on this, the CUDA parallel
computing architecture is used to implement GPU accelerated eigenface algorithm. The effect of GPU parallel computing depends
on the hardware specifications, the complexity and parallelism of the algorithm itself,and the parallelization method used by the
program developer to use GPU. Therefore, this paper first proposes the calculation of the average value and zero mean in the
training phase of the eigenface algorithm. The calculation steps such as normalizing the eigenface and the calculation steps of the
projection to the eigenface space and calculating the Euclidean distance in the test phase are optimized and accelerated by GPU.
Secondly,different parallelization acceleration methods are used in the corresponding calculation steps and performance evaluation
is made. Experimental results show that in the range of face training data from 320 to 1920, the acceleration effect of each calcula-
tion step is obvious. Compared with Intel i7-5960X, the GTX1060 display adapter can achieve an average acceleration effect of
about 71.7 times in the training module,and an average acceleration effect of about 34. 1 times in the test module.

Keywords Face recognition, Eigenface, GPU parallel computing,Rotary operation, Kernel function

S A 5 18 A U HURE & SR 2 WL (Frames) - X B
SHE MU BRAR BN L L E TR W R SRR A AL i O
TR S AP R S B N B U R Gt A A% 1Y [

1 3l

il

TENM AR RGeS 7 2w B R A 38 R T LB 2%

V19 B %+ AR T o 8 I 0 R AR 19 2 B 3 AT A A
HZRRREE R . (X PR 75T 5 e A B IR R AL 1R R
EE RIS A SR TRV 2 52 PR 35 v, — A ik
B ST GEER BERR AR HER R R AR W L E R, ET
LA B S R A B RS DU S AR T ST ALY 4 S SR T vk R

FfE B :2020-06-04 R4 H I .2020-08-28

BT GPU W4T 2 554 B T s F 2 nf 72 )%, (R ik
GPGPU(General-Purpose computing on Graphics Processing
Units) #% )72 W i, CUDA (Compute Unified Device Archi-
tecture) /& fi Nvidia 42 H #9 GPGPU JF & 55 , #2 % & 1 Ui o]
VIE#EMH C.C+ + 5 Fortran 5K /E GPU, KgAK T

A SCE AT AR R COSID) L il E 7 4RI 5 B .

HEWH . ER A RBEIES (41830101 s Himat Bl 3 4 (17BTQ093) 5 3 it I 2 K 2% 5 4 1 + % 4 (2015BS003)

This work was supported by the National Natural Science Foundation of China(41830101) ,Social Science Foundation of Xinjiang Uygur Autono-

mous Region(17BTQ093) and Doctoral Research Start-up Fund of Xinjiang University of Finance and Economics(2015BS003).

WEEE . F % difanxi@163. com)



198

Computer Science THEHLELZ  Vol. 48,No. 4, Apr. 2021

GPGPU [T &M . CUDA B % i H TR £ 45, n 7
A R N AES g ik A Y B 2 b T A R
PR AL 1R (MRDS | FE K k9 #1 2% dh ] F 3 47 46 N-body
BT

Fo¥ GPGPU By I-47 4 BLEE 77 B T 52 e 09 ARG 9 &
Gerh, ) 2 G R 7 b 3 D A ARG B0 T R A A B R 2R
BBk B AN 235 e L SR BRI GBE ) . AR SO H AR 2
FIFH CUDA Jin 3 R 4F B 1432 55 42 7 B8 I 25 Rl 38 4 e 11y
W,

2 MXTIIE

2.1 HERDHIEDENRE

TE E A 53 BT (PCA) B3 v o AR R AE (B 19 /D S R AIE 1]
AR A% 2R U ) 2% 5B 0 B B L R A (BB R, FEXT B Y R
AIF 1e) 0 78 R A% 3% B0 L HSOHE D 1) 22 S L i SRR AR O Y
3 RFAUE (BN JU) JEG Xof 7 4 R 1] B4 VT R R L BRI L R AR
o] i IR AR DR P A B 2 B . SR, Vﬁ 2 /D RRAE 7] 1 B
R T I IV 60 B PRRE (1) f) S DR BB YRR AR e i A BT 4
& B (H P Qi?ﬁ“lﬂ];ﬁzq%mﬂgﬂ’ﬂﬁﬁﬁﬂi
T AR AE B, [ B B AR TIE BRI R

SCHRES Ay S0 38 B AN 2 R B 8 22 1) R AIF 1] 4 ME ) 2 3t
e FEAR B AT 225 AN RRAE 0] &S AR B T bR 218 T R
SCRC6 1 & B, 72 I R0 i R AR B8 20 AN FR AT 1] &2 f 8 3
3 f e 0 B R, T DL R B AR AE 1] S A S BORT R 2R B
B LU A1 25 DR O B8 i B OR [R) I A BT 25 7. IR I 50 O 46 B
GIHT A PE A IS B A =X, 40 energy dimension
5 stretching dimension J7 378 0 B¢ AF B K B /NHEF
BT K AR 1) & 60 K A4
AIE 1] 8 X 7 1 R AiE A SR RT3 AT A SRR AR AR SR R R 45 SRR F —
E W E . MR T {E 4 0.9, stretching dimension J7 ¥ M| 2 £
AT K AFRAE L AR AR K+ 1 A FRAE [ i X 04 4R AiE A
5% L doe K B e AR B/ T — 22 00 1 1R, ML B 0. 01, BLK
0D @) Pros Hofr A N FFAE{E .

energy dimension 77 3% J& £

K
204

energyx =%>O. 9 [@D)
DIPY
i=1

stretchx+, = AI\H<O 01 2)

Y F 2 HE T T YRR AT (E 22 A8 B0 0 1 e B X PR
T AR B8 B AR 1) 22 S BSORR X T IR AR B0y B 19 A 25 B
S UINZRAE A0 38 0T 52 B e B0k v Y i A, AR SRR EOF
5% GPU X REAE IR B8 75 A 0 3 28 25 o PR M A SC S92 36 rh 4R BE 1Y
A ) 2 B3 S R R AR 2090
2.2 GPU jniE %ﬁ%mm%ﬁﬁ

SCHRLO 1 i GPU i3k 1 25 %5 A 3 B 4l v iy 4%
B REAE I 25 18] 3 AS 28 B8, 75 N ZRid ¥ 2 T I 2R 5080 947 Ak
P, — thread 1 97 Ab B — > YN SR ECH » 06 IF 47 4k 7 ik 2ok
B4 thread B ZE A B4 52 BIFFAF IS 1 A2 2 5. SR, BEIF
AL TT B30 A 3 1 28 R], Ji A2 484 thread 7E Y1 25k By Be &R
BT — IR B B0 8 AR IR (018 B, Tufar B R

SCHRLCLOJBR 7 108 P 4% 52 B Rp ik JKe 25 6] (% J7 323 46, i Al | GPU
2R Jon 2 M A S RAORIRR AIE Jiy A B 1038 B, R SR R A R R WYL B4
thread £ 5% 4b 201 iz 558 /D I A AR 30 I 2 i 0OR 2l S
ﬁk[ll]%ﬁﬂ‘]ﬂﬂl_ﬁﬁiuﬁllpﬂﬁfﬁ zero mean, 1E #L 1k F¢ 1E

6 % B IR AE BT T H I H R zero mean FiIHE:
A5 SR X ﬂﬁ/\$ﬁﬂ’lﬁﬁﬂ."7ﬂ£ * M GPU 474kt

H zero mean MILAE R M4 1) J7 3% TE 1T 5 zero mean By
BErh o block B X b B — A H0HE 19 KN, B A block iy
thread Y ZR B8 B9 BB Wt —k R R AR MR BB S0 R
H g H h — A thread SZ 5. 7L TH L AR 5 BUE MR
thread 1 block f4 45 & XF i T i H %6 M5 /9 56 15 » 41> block
TR R —F TR K A thread T8 — 4 Hi th 4H
MR IGER . SCERL12 ] 1Z 58 Jacobi W 7 ¥ F F CUDA 47
AN 3 3k R A S 4R AL R R b = AR 0 R R K 4 %
BICE , H I oo R ¥ N AT 9 R 5l ML R 51HE 2 A4
threads JFATHL B T TR . CHRL13]3E T CUDA Jf 474k Cy-
clic Jacobi J7 ¥, $& H T 5 5h 4 FrIpAT I IE . H B4R %
o J‘T’ﬁ‘ﬂﬁ Cyclic Jacobi J5 ¥ W I 4T A% 4t Jacobi 77 i A T

KA RE - 3X 5 Cyclic Jacobi 7715 1E & W 45 (sweep) 1
It‘\&‘%ﬂﬂzkéﬁﬁﬁﬂ@m%\?ﬂé(}d?ﬁiiiﬁﬂ*ﬂ%ﬁm?ﬁ
Hk,

AR SCHER AT ik SCk i IR AT Ay Bk 5 42 1 T 1
Y25 B B b 3 58 294 L zero mean . 1E B AL KR AF G LA K A8 U
B B B 5 SRR AR A 25 [ AN T S RO L AR R B 3 5 AP 3R
H AT T35, 9B T block H1 A9 44> thread & ZiH 24
JTLEMIFAT I,

3 HARAE

ARSCRFH CUDA i o 4% F B6: 55325 19 ARG VI 2 A58 e 70 )
A R AR IS B i BRI AR WA 1R,

e —
UEIN;% &2 KA 236

NS K N
91T
A4
Zero mean —Eﬂleall
51 B

v

T S AFAE (8 o A A 1) & F BT A

PR KANFAE 1) &

it HHAE I WL E 4396 8
N E B

IEALAAE R l
HRER

B EHERZ A

BT SRR Y R
Fig. 1 Flow chart of eigenface
AT o3 I S5 e 0 ) 3 AR He 7 A8 43, 42 R CU-
DA FF47 kb BHARRAE 16 45 A 25 B 09 75 325 - AL 95 4% .0 pR 8K (kernel
function) % A L5y 2 8L, block Al thread %0 & it & UL &



4 BLLEET GPU RRE S S LA T 5T

199

PATHE . FERIBZK L, P(num_pixels) {8 E—K I A K
5 B 4% 22 8 (55 X 55 ) s M(num_face) g Il 25 A BEE 1
BAEG K (num_keepFace) 4 8 B8 A4 AE 1) & S50, 7680 %
I X P IR AT AT B, € X TILE_DIM /i K/
32,BLOCK_ROWS fi k/NH 8,
3.1 YlgRiEsR

YIRSy AR LRI T .

B R E— L S,

AR MA—A NN E S (DT JT) R M;
i s R 3 — 4EFE 51 (Lawgy savgy »++ yavgp 1) s thread $iE
H 32 BAEEL(F- 3% sblock &4 P,

BRI

A P A block, B4 block 13t M Al 2 AR 0 H
—~ pixel W FHEIEE . 54 block Y threads 135 X} M
AN YNk NS A B H A — A pixel SR AT, B 5 US4 . iR
thread B %= /N T M, F /R — thread B 71 3t £ 4 pixel f
SRAN, i #E ] thread B0 (blockDim. o) VE R 510 # & ¥
K B % S A7 BUAE A 4 19 8OR L TE PR A 1Y threads #0FIC B H
4 B I 2 N 7 (shared memory) Ji5 » i reduction 3 47 3K
Hl, reduction & Ff 58 4 & JF (completely unrolled) ity J5 247,
K 3 do % S MM A7 23 [B) SRR SE B B BR DL M B AR A5
% pixel I F-3{H.

YR 2 Zero Mean CHf 45 A I 25 A MK 80 25 F- ¥ {H) , AP
Q=TI —VY,

i —A thread i3 £ 4> pixels 22 1H ;i A M A4~
—H WG N EEG DD Dyl ¥ — 48 AH
Lavg avgravgs avge ] M M H N A(D O Dy -+ Dy D5
thread 04 g 32 M55 (T3 I8 %) s block £ A P,

FIEWR IR

3 P 4 block, £ 4> block 3¢ M A4Sl 25 A 0 Y —
A pixel ZIHIEH . Y4 threads BYEE/DNT M B}, N TR —4
thread % 11 5t £~ pixels ZHMBH

PR IS SRR (L= AT A).

BB Ry WL A A% O R BGE B — AR B E L 5 — A
SR WA e

(¥ O HHEEE(D O, Dy ")

A Y 2 AR Wl Y R R (S A= [0 D, D; -+
Dy DA RITERE(MD TN A MY & BE (P s Hin il o A 1Y 55 8 46 [F
A", thread Fl block Z %% & . i F1 Z 4t thread #l block &
#0. thread B = J5 1o K/NA TILE _DIM, y J5 1a K /MK
BLOCK _ROWS;block ) = 1A K/NH A B 58 BE (M) B LU
TILE_DIM.y J5 BI/NK A B8 E (PYBRLL TILE_DIM,
5 WA S B 2 RO

GERFRE TR I

Vs 0 A AN R PR AR R 43 B 4 1 block, 54> block
B threads PAF Y 5 232 U A BRI B (8. SR G LA P NS
AF| shared memory, 7 shared memory F % J§ — 17 Fr i —
1725 1123 ], {8145 shared memory 7 LAAT B9 7 2132 BUAS A 23

T ) bank conflict, ¥ % A3 14 75 3 E A B i 5 Pk AE o8
B ERAE, Hb, B A thread 4b ¥ (TILE_DIM/BLOCK _
ROWS NI E 5 E . ik — 4 thread &b B Z AT E L fff — 4
SM RE R B FATH £ 11 block,

2 ite L:ﬁwm
%Ajj AT([¢1 qu @3 "'®M]T)\A(I:®l @2 @3 '"¢M]) ‘AT E/‘J
EREE (M) AT 995 BE (P AT A B 95 BE (VD s B L(:ﬁ

(ATA)), thread Fl block i) 25K & .

dim3 dimBlock(TILE_DIM,TILE_DIM)

dim3 dimGrid

dimGrid. x=(M~+TILE_DIM—1)/TILE_DIM

dimGrid. y=(M~+TILE_DIM—1)/TILE_DIM

kAR

HeAr RHOERE AT A SR AR, R R O i S
PRAT 1Y 43 B 6 B4 3 5 (tiled matrix multiplication with shared
memory) . BLOCK_SIZE /N 3% 15 X %y TILE_DIM,
W T7 0k 4 i A R R B AR A ) O BE L m A AR T X R
(TILE_DIM X TILE_DIM) . block X &7 21| % H %5 4 /8 -+ X e
thread X Ji 3 W5 iy AR BE A9 T X3, A thread $ X5 17 (Y
A5 A 5 X B oo 2 B I 2 B shared memory J5
T AT AH e 15 B 745 R, S JE R 45 AL SRR AR B i i B
XA IC 2, shared memory A LA & 58K 55 22 4 17 78 332 L
T Y K R SR PR S A A B Y T R A o Bl
R B D8 L AR R AR s i IR B A £, Bl AT R
Wi Y 535 JTC R SRS IR IR B A B SERE T A BT IO R
S IRE R AT B

HYR A E L 0RHE )RR A

KM Cyclic Jacobi J5 & 3F A FRAE (] & AIFRAE(E . 78 5 B
W0 R Y e i 1s B R R A LA a8 BORIATAA B, O T ST b 3T
XA B 5, Bl I T I 5 55 AT 517 Z R &
B PITEIFAT A0 AR BF € #% 117 » %6 ] chess tournament orde-
ring JFIKBUS AT E MR A 45, B4 n/2 DEEXT (0
Shy AR S BUR BRI S8 D . AN SR AT B T LLTE AR B Y
HFANEIEHG n HIN 13K I A 52 0 58 55 0 45

BB S T R BE v 1 = A T F Y 4 (R, R R
D75 35 BN S5 oy B . 2 i R Gk B 45 A B, I <5 A7 4
Mef et iz B, W E=MaEANBaL X —1/2),
Fo Go/2) A BEXE AT AT I8 5 i LA 42 38 0 TE X HE B 21 & 3
FEM—DRERZBHE ., ERKERZEN. R T ZHER
X AR T RO Tl s B IE 5% S 4——sin (@)
tan(¢/2), WEFHBELERGE, A T EEET L =ATE
B 266 %67 (L B BE 0% 14 282 b A7 B PN A7 25 ), 5 B AR B | =
MIEERTFE A — WD, Bkiiddhm B HTERR
JE 4% /T B KB B, B R BE 5 5 A M . B _upper R FF B/ IR
Merp B =fMoc R — 4504 .

(D35 — 2 5520 0 & B 4% R

BIAR L= MICRN BB X (n—1)/2) Rl B’ _upper



200

Computer Science THEHLELZ  Vol. 48,No. 4, Apr. 2021

B —WH L L= MAIe RN — 45040 ; F b 246 5 (8 Ry
— 244 s thread i 32 MRS (T3 W HE) ;s block &L Al
VIF3him,

BRI

M AE Bl T 3 I A T R 0 4a XEEFN, TG % block
Z AR ARAAE  SCRRC15 ] 4k reduction A 77 % 24 multiple
A thread b #Z A TE K, ¥ re-
duction B FFATR TR AL, W F block Z [0 Jo ik B AH 55 FF
TE4E block T3 58 4 XHE N Z 5 , ] CPU Hf X 26145 530
ARk,

CAMINEN S

HWIAR B M () B ALY YRR E (=0 to n—
2) 5 o B WY X T B B AT B BC R G 5 504 AT B D
XT i 5 1) B R BB AL L sin (@) JiE i S EE AL M tan(¢/2) JiE 7%
SO s thread i 32 BIAS (T3 48 s block ¥ &t h
(n/2+thread ${& —1) / thread (& .

BRI

i blockldx # threadldx,il: %4> thread #BfE 3K 15 A [H]
& 5118 . % H chess tournament ordering J5 ¥ , fili 15 43 X
YRIEAREE M . WIEE A5 7B ZT &R
Y HE 55 B8 sin($) A tan($/2) , 3 B 5 4> — 4k %% 41 43 B 77
TETERE S8, A T R R S A ST AR B, 3 LS X R A o
FBA RO e BB — R BEF R i ik =X ot R D, B Tid
SEC X gt 5 FUE S S 82 b, Eiﬂ%TﬁEXﬁéﬁ%Zl‘ﬂﬂ@firﬁ
B LB X G ELA AT e YR R S ABUE % 42 R R
S AF N AEZS ],

(CDR ey i3

AR B 58 () (B AT H L 4 5 — 4E B AT 3 T
Xof G PR — AE B L sin( @) BERE S H— 4B L tan($/2)
TiE e 2 — A B FURFAE 1] 50 B V (Log v vs »oo o ™) s B
N B FIFRAE 1) B4 4 thread $0E R 32 R EU(TF-3hiH ) ;
block il n/2,

BHRIT

B (n/2) A BT 4 5 2 8 block & %~ (n/2), H A
block &b HH# 51 & R HE L2 H . thread AL ] T 3 i % , 24
thread # /N THFEH A B, — 4> thread F5 MM Z P ITR W
B e A

(D B E=MuEMNEEH B B _upper

AR B WY FE G (o) A B i A B' _upper;thread &

N 32 BYAE R (T3 ) s block & N (n X (n—1)/2+
thread $H —1) /thread 50 .

MR NT

MR BB N TR B R = O B A X A
i RE S 3% 2e AF LN AE . B oK B B = MO0 R O & XA
JLFEOMMEEE T A ——de A,

B S RE K AFRER 2 (V=[vvv vk ] ),

K=M/5, X — L BRAiFE BT K A EAE [ 22, BT 5 B 0] Ly
BIARAR, 7] LLE#2 ] CPU S8,

HPR 6 HERIERUT=VAT),

elements per thread, H il —

— BRI 5 1 5 T G e S B A ) U A 4 A

%% 7 OEMAEERERClw | =D,

HWARNU Cwyususwe ] UT BISERE (P s H N &I
HAL B ERAE B 46 0 U Ly ws"ws o u’ 17) s thread 30 &0 32
B 5 % (F-3h 9O sblock $iiE K.,

BRI .

HEM K MHER I ERAEEED | o | =1, T
Fe SR A RRAE I 19 pixel 1675 AL SR S5 B A pixel {H#8ER
A pixel {5 AT R, 25 5L 00 iR . 454> block #5671
B — AN FRAE I A L BLAL B B SROF R kR ER 1 Pl
pixel AT . G E TR A RRAER 1Y pixel B DA J7
FAY -7 AR, AR 1R 454 thread AEFRZ A pixel (BB,

$W8>%MAA%W?I%& 2B K AR A 0],

— BT R U R A S R R R E
ﬁ%ﬂo

AR ALD Q0+ Dy DU (Luy uy s+ uic 1" A Y
s B (VD U 1 =3 BE CKO R U (4 5 B2 (P 5 3 8 o8 B L I

(W W W5 Wy ], W, = [wiwsws = wi 1) 5 thread i Ky
32 A5 ECF 2 18 ) s block £t &y (M + thread it — 1)/
thread & .

HEAARMT

A block i thread Bt & N M, &4 thread i+ — 2%
YIREE B B K AFFAE G 25 [ A 45 21 K 1t 4> thread 2
W K s oo E OREMED . S T 726 B BT DL 42
FEUUNFE2s ) B e M AL E A B Q@ i B3 QT .,

3.2 kAR

Z2 3o YN S B B P A5 3] 0 1 474 R A 6 R AT B R AR oK
FH T D0 A5 ek A6 00 50 40 AT B0 e 4K S B0 T v i A
TR T D A 25 B CUDA R AT ki85 19 B4k i
BT U

YR T K AR B el 2 T MBS B B AE I =
] A5 B AL AL

X — P BRI TRy 7 ik 2
4RSS =

i A Ry N A I B A — A B [ttt o
B Lavgavg,avgs
HR Ry A B 1 — 2 A EE B [ oy wos g o
o 32 BAEEC(F- 33D sblock i R K.

CRES Tip Y/

BB 932 530 g G A 00 50 40 RS 18 0 AR 6 e ofe
VLK FRER A8 K AMACEE, B R % hEE K A block,
ik A4S block 11 38 — AN FFAE S 9 A T (B 12 5, 54> thread

T2 A pixels HIYE T . o xbiz 570 7 45 58K AL 985 71
reduction fill b Jr A 0 F 45 /A3 B EH

UR 2 TR A A U R N T AR ] Y R
EEE%O

4> threads $+5 — > fiE

tp 1P B {A — 4t
MK/]T)ﬂ] P;m
wg | ; thread 2 &

a"UgP] U’ (L luz/ux/"'

KL AR

— B RAL IR 1 W IEAT A7 X — e AR Ak HE — 4R %K
éﬂ%ﬂ%ﬁ%$ﬁ*ﬁﬂﬁ@ﬂ%lﬂﬁ@@%c ZHMLAE T IBH AN A
AT

BARIr A £ A~ threads T8 — AN BOLELG B £ s 5 Al



4 BLLEET GPU RRE S S LA T 5T

201

G I 54 1) — A T B2 [0 wop wos -+ ok ] I 25 9 A 66 B
QU ([W W, W= Wy IR K ;i BROL B B 5 — 2 54l
[d,dyds-dy]sthread 3N 32 BIFEEL(F 3 ) sblock ¥t
WA M,

AR

5P BE 1AL 34 M A blocks, 54> block #8157 1 5
I 4 AN — NG E R IR . BN GEIRAA
K MRUE A 45 thread BIECE /N T K, W —A4> thread 75 1 3%
ZAREMMIB R, Jefs AR 1Y 2B /AN, R 5 H
reduction X BT A7 1Y 45 SR A G FFF- 7 4R, BV Al 453 31 2%

HBR 3 AR5 AN K I B SR B T ARG 2K (e =
min | 2—Q; ).

AR B A5 BE B — 2 5020 v 6t dme/IME S 1 i /N B T %
IO 11 N 245 531 B Ay o 2 30 ) AR 2 31 o 3 2 T 1 I U A 2%
AU OGo) , i GPU 474k 1Y 8% 25 4 BR , i ot 28 B A CPU

4 XBWHESHH

4.1 RBHES5FHZX

S B R ] Windows10 64bit #:/E R S8 H By KE UL,
i OpenCV ) APT X 325 &4 R B A B (G aE A7 40 28,
P34y ,CPU i Al Intel i7-5960X 3. 0 GHz, GPU {ifi jj ¥ e
AN TR) 04 38 7S 3 BC 4%, — B T K 8L4E B9 BEDE R Nvidia GRID
K1.t GPU A 4 A O, ] GPU B # £ B (Pass-
through) BYFE A AT A1 iE 4 AN HE 8001 B 82 47 BOH h — A4S 4%
5 23— B g 7RO BE #% 6 F Nvidia GTX1060., GPU A 3 41
B F A dn e 1 g,

F 1 GPU W AEHLA%

Table 1 GPU hardware specifications
GPU # &5 Nvidia GRID K1 Nvidia GTX1060
AN GK107 X4 GP106
s B Kepler Pascal
4k 38 2R % /MHz 850 1506
CUDA # 2 768(192/GPU) 1280(128cores/SM)
SM Count 1X4 10
W 7 4 % /MHz 891 2002
HNEEE 4096 MBX 4 6144 MB
W AR 28.51GB/sX4 192.2GB/s

Fifh GPU (1922 %46 T : GRID K1 2% Jy i 8 55 55 48 41t
K Zh g B 583 09 . T GTX1060 Y9 — 5 F 84 B s 1 L 4% .
#E GPGPU Jy i, B e R [R]85 B % 18] (14 98 4 8 01, K g
{UIREEH CUDA 4% 0 30 , 4 33 235 28 #4 AT % | Streaming
Multiprocessor (SND U H . P A7 25 1 Fl4f7 56 #8 %) 46 2 Jl A
FEs2m . 7E R JLAS 7 | . GTX1060 #8 e GRID K1 8 5, |
S GRID K1 7 5 2y i #0090 55 F0  ll J6E B i 119, T 32 3
[PAE Y

S8 5 W SR Xt I e A R A B 1) A A R B
AR E PORRE g AR SR, 23 CPU 5 GPU Z [8] 1 i}
IF) B A 55 A% 2R i A R i CPU (942 17 Bt 8] BR L GPU
B2 A7 B [0 T A5 . R0 JE 6 LEW A9 AR B0 )2 , I Hp 3t
A 13000 £k AR EG 72 5256 v, AT I R iy 1920 3K If
g — N R B KN g 128 X 128, YN 4k iy A % B ik

320,640,+++,1920, W3 Be (49 52 55 B 40 Dy 000 4k 2 5K A B 1]
P B PRAT I ], S2 36 B4 55 o 10 VRS2 56 45 Y S 4, S2 86
BRI S BB R — AR B
4.2 l&ESR

A X e 4% 2 B GPU F1 CPU 435 17 i ] A1 e 47 3%
— SR R thread B B R 32 M AR50, 7EAS R 1)tk 7R 16
e #5% BT VR AL 25 AR B8 T 5 dpe 4 thread 3005 W] BB ]
IS B B B A 1 thread B0 F 195286 4%

e M () 2B B, GPU B8 17 I R E8 6 & de-
vice 3ii 5 1l 3 host 3 T %5 B9 P9 A7 A% S B ), AL 2 IR 3 T
VL Mo s 1 2 8 11 2R NI 250 i 1 184 o i 52 A6 8 v, i g
F il GTX1060 7E347i2 5 )7 ik T GRID K1,GTX1060 7F
WA R34 1 CPU P24 80. 36 1%,

90

1[—=cprU o
80 e~ GRID K1
70 4 [ -4~ GTX1060 -
g 60 .
= 50
40 -
40
€T
& 30 .
20
-
10 . . . - . .
0 - - - - - —
320 640 960 1280 1600 1920
NEABKE

B2 RS E () 1Y i ] L3R

Fig. 2 Time comparison of calculating mean(¢)

100

80
u —=— GRID K1
60 —e— GTXI1060

40

Pk ZE S

20

320 640

0

960 1280 1600 1920

IEINS'S 3
& 3 TR () Ay 2R

Fig. 3 Speedup ratio of calculating mean(¢»)

T3 zero mean($) (425 B N — 4~ thread 118 £ 4> pixels
By 218, B2 thread BYECE N 32 B A% BN J& 1k — 1> thread
W EZATTER d BB, SRR 7L A1 thread B0 T L
5. B 44T b BRI I A 2, W] LUE ) GTX1060 76Utk
IR L CPU B2 45. 57 £,

60
—=— GRID K1
50 —*— GTX1060

40

30

Pk TE 2

20

10 A

0

320 640 960 1280 1600 1920

NEARHE

Bl 4 318 zero mean($) i £5 5

Fig. 4 Speedup ratio of calculating zero mean(¢)

5 FE 6 451 T 15 ¢ 5 B i a] Bb 55 0 2 4% %
GPU £ M2 B Al shared memory i e /N 3% S22 HUIr 47 O 1Y
AfIA) 23R . AT LA GTX1060 7 b4 BEF# H CPU R T 2
290. 58 1%,



202

Computer Science THEHLELZ  Vol. 48,No. 4, Apr. 2021

600

—=— CPU
e GRID K1

5001 |-a— GTx1060

400

300

AT H E /ms

320 640

B 5 35 ¢

Fig. 5

960 1280 1600 1920

NEARKE

B A I [A] L

Time comparison of calculating ¢ transpose

400

300 & .

200

i g

=— GRID K1
* GTX1060

320 640

& 6

Fig. 6 Speedup ratio

e 3 7R S R B

960 1280 1600 1920

NEABHE

TR ¢ B Y Jon s A A

of calculating ¢ transpose

L) 2B g, R A tiled matrix

multiplication J7 ¥ B fay A FI iy H 50 B4 1) ) B 32 X 32 H T IX.
ey, K 7 44 H Tl tiled matrix multiplication J5 7%
N B A A, GTX1060 78I RT3 L CPU $R£y746. 74 £5,

. - . »

—=— GRID K1
*— GTX1060

320 640

& 7
Fig. 7

960 1280 1600 1920

LIEIN.: & 4

T8 AR S R I (L) 1 Jim s A

Speedup ratio of calculating covariance matrix(L)

8 FE 9 45 H T i1 5 R AF 1) B Y A a) B 4 A o 4%
R, TERRAERS VISR P TS0 R AE 2 e h — A RO RE R
LU, N9 Al LA L GPU 0 3 A5 2R I fn e 2 08 8
F. BARE AW Cyclic Jacobi 7 i — W & 1Y 18 5 317
b HEBRENT L RZFE— DRERsE, HETH
4 14 B D U5 B, T B R AR T B R R A Bk B,
18 B R A o A TR W . GTX1060 78 Mt 4 B 1y

I, CPU g2y 38. 55 15,

P N A

600
= CPU
{|-= GrD K1
S04 GTX1060
& 400
=
& 300
R
200
100
0 .
320 640
& 8

Fig. 8

960 1280 1600 1920

NEARSE

TR RR A 1 ik 4 I (1] LG

Time comparison of calculating feature vector

50
40 - Pl
’M— \\\\.” 7./4
-l —*— GTX1060
o
& 9 i
10 1
0 T T T T T T
320 640 960 1280 1600 1920
NEABEE
B9 BRRAE 1) Y i A R
Fig. 9 Speedup ratio of calculating feature vector

Bl 10 45 0 T i SRR AE B

WH WM RER, E®Mmit

B RBOR MR R R A S . AR
GRID K1 F1 GTX1060 B $17 H1, tiled matrix multiplication

B 7 LR RE AR F 4 . GTX1060

S CPU By 822. 07 1%,

1000

—=— GRID K1] |
—e— GTXI1060

320 640

10
Fig. 10 Speedup ratio ¢

960 1280 1600 1920

NEARSE

TR IS (U B0 3 A R

>f calculating Eigenface(U)

B AR 12 8 T A EMARERCl w ll =K
At ] L2 A A 3, AT LE L GTX1060 78 426 B35 1

CPU %y 110. 89 1%,

60
wll 2 "
{1« ¢
N A D ///'
£ 47 A~
= %] g
£ A
® D ~
e
10 w’
0 PSS £ S S
320 640 960 1280 1600 1920
NEAREE
F11 S IE B Y B ) LA
Fig. 11 Time comparison of calculation normalization
150
®  GTX1060
100 < ) B
-
&
il
& 54
0 T T T T T T
320 640 960 1280 1600 1920
NEAEE
12 FHRIE A s % 26
Fig. 12 Speedup ratio of calculation normalization

K13 45t T H S0 2N K 5052 B R AR MK 25 18] (Q) B9 m

B, AP PR

P 3R o 45 T B AL 7 S R P )

JrEME . GTX1060 78 ML TR b CPU Pey 823. 54 5.



4 BLLEET GPU RRE S S LA T 5T

203

1000
. o
800 - - - v
#6001 = GRID K1
o * GTX1060
% 400
]
=
200
0 . - - - - .
320 640 960 1280 1600 1920
NHEARKE

B 13 T BRI G 23 I 0 in o £ R
Fig. 13 Speedup ratio of calculating map to eigenfaces
] 14 25 T Gl I R A B g e £ 2%, il 48 388 0 S T
Sh B R 1 A A5 BRI PR S R A L 51 B 3 DN 2R G B
0010 3 22 17 4 K AR T TR SRR AL 1) R A AR TR A A SR A
A BRI, SCURZE R R L GTX1060 76 I 1B e Y B A4 i
[ H CPU &y 71,7 1%,

120
. —= GRID KI
1004 e GTXI1060]| |
% ¥ " g
fc) = - -
60 1 .
‘ﬁ“&’
K 40
20
0 - - - - - -
320 640 960 1280 1600 1920
WNEARSE

14 UGB /4 s £ 2
Fig. 14

YRR e 4 A S FB AT 09 25 3R o, T H 53 3020 S B30 B L
TR AR5 B R AE I 2 1] 20 YR ¥ 72 2R ] tiled matrix multi-
plication M 34T AL 77 ¥k B f A%, F- 2 43 BN #E 17 746. 74 £ .
822.07 £%.823. 54 . SR, B o 158 RRAE ] 4 1938 AR
S WA R R T 38,55 %,
4.3 JRAELR

DU RASE B iy S5 30 2008 A 03k B ke ARG BT B BRAT B I
STk GPU (48 BACE X B 1T zero mean 55 )
RIS 25 1) 3K PR A 25 BR 0 B R AE — RS AT He . BT 15 R
B 16 45t T 315 zero mean () AN 52 B RRAE I 25 8] (Q) (1Y B
) LE BRI A A, 5 YNGR — MR el A 455 2
REAE I 25 E] 9 20 B AEAS ] 92, 3k B A R — A T s a
B3 BVRRAE A 25 18], B M 9 JEAT e r AR ). B K
A block, BA™ block #AT N — A~ FRHAE K A4 . — A4~ block
HZ A threads JFATAL B[R] — A FFAERE 9452 . LI Z5 IR %
B .GTX1060 V3 E CPU 2y 98. 56 £%

Speedup ratio of all training modules

2
= B
T2
c
20 v .
2 -
E 154
B .
=
& 1 -
® -
5 )
- . . . . .
0 ¥ : .
320 640 960 1280 1600 1920

LIEIN.: & 3

15 115 zero mean( ) F 52 B RFAE K 25 18] (Q) 14 B[] BL A
Fig. 15 Time comparison of calculating zero mean($) and map to

Eigenface space(Q)

120
A .
100 4 27 R - —
b 4 \\b
* 80 —=— GRID K1| |
ot * GTXI1060
60 1 ]
b
S
g0
20 |
e —

320 640 960 1280 1600 1920
NEABEKE

16 315 zero mean () FIHE 5 B RRAE K 25 8] (Q) (4 i 3 A5 5
Fig. 16 Speedup ratio of calculating zero mean(¢) and map to

Eigenface space(Q)

P17 A 18 25 i 1 3 A I i A R EHiE T A BROUL
HARIE B DL R /NS (e (1 B TR) e A8 ORD T A R,
block % & 5 M. [# & thread W& N 32 W9 A5 %0, &1
block #8538 — KW B HE 5 — I GEHR IR bl £
A threads IFfTALFH .

30
= B
25 e C -
4~ D
v 20 B
£ A
w15 4
-E' -
£ 10
£ o
05 . ®
- -
0 [ e— b - a a
320 640 960 1280 1600 1920
WHEAB S

P17 SR /N R L LA 8 (o) Y I i) L %58

Fig. 17 Time comparison of calculating minimum Euclidean

distance(e)
40
* GTX1060
gg 20 *
# o
&
- - -
. .

320 640 960 1280 1600 1920

NEARSE

B18 4 /N LR ASBE B Co i s A 3¢

Fig. 18 Speedup ratio of calculating minimum Euclidean distance(e)

P19 FlEl 20 &5 T & RS B i A 20 R Y S B i) L e
AT R, b A ] A A A T AR M host i A2 i £
device Y A1 RK JL HL A5 15 25 040 M\ device ¥ &2 i #] host ¥ AY %
H R, S g R R UL ZE SR AN 1920 B, GPU fif
H GTX1060 B I [A] 7 0. 45 ms, M8 T CPU #4 21. 66 ms
PT 25 50. 07 1% B (R HT 24 34,1 4%,

25

= CPU
e~ GRID K1 -
20 {4~ GTX1060 -

g
< 154 -
=
0 -
g
B e
5 -
- . . . %
0 3 rd + N . a
320 640 960 1280 1600 1920
NEABHKE

F19 DA e T A A0 R A I i) e A

Fig. 19 Time comparison of total steps of test module



Computer Science THEHLELZ  Vol. 48,No. 4, Apr. 2021

204
60
* GTX1060 #
% 10 =
o -
» .
S ] ) !
0 30 640 960 1280 1600 1920
UEIN: =6 3
20 IR BT A 25 BR B i A R
Fig. 20 Speedup ratio of total steps of test module
LERIE A CUDA 1712 8 3 AR kA 1k n 2 4%

A Tz SR o) 0 A e R R e 1 4 A A0 SRR TR 4R U T
T . ARG R D 320~1 920 B, GTX1060 78
UGB P AR 8] T2 7107 50N AR 2 AE A
TR AL 45 2 -3 34, 08 £F M 3, A2 Y 2R B H A
A IRFER BB, 3 A B A tiled matrix multiplication
Ty vk Al 4G B B0 0 m EE CR BRAE T A SR ) shared
memory FJ LL7E & B AH T I B 5 R = 2 BN A2 AT, (E AR
HE— 25 BT 09 J2 FE B L B A 28 3R Wt B AR AR 1) & 1 2P
BE. HOR Jacobi Jr kAR B W Al AT AL RE B  H BRI A B Y
BB AP R & AR Z TSR B, 26
A H AT R AE 1) B 0 5 T D 7R R R B b E AT R AT Ak
fEAS NS A= T Jacobi AT T ML SRAEAG U — LRI
P P Y RN TR LR 5 By 2 PO X 181 NN 53
BT L N 3B R A e S S B et ] GPGPU (i3 B fig
JIRN I , LR TR R G2 i BAT R0 2 R R A 45 F 52 1 TR
R Ty — 7 T E SE BRI e T B R HE IR R
I AR W IE PR R AR I 5 A SRR AR 2 A L 7RIS B T S Y
R 2 1 8] B GPU I 47 18 58 19 58 71 DL 3 IR 4 1 5
i

2 £ X o

[1] MACIE] B,SKURSKI A,MAREK K,et al. Applications of
Ray-Casting in Medical Imaging[ ] ]. Advances in Intelligent Sys-
tems & Computing,2014,283:3-14.

[2] JIN X X,DAKU B,KO S B. Improved GPU SIMD control flow
efficiency via hybrid warp size mechanism[ J]. Microprocessors
and Microsystems,2014,38(7) :717-729.

[3] LINY C,WANG C C,LIN G,et al. A Simple Method to Im-
prove the Quality of Diffusion-Weighted Magnetic Resonance
Imaging with Rapid Histologic Correlation in a Murine Model
[J]. Molecular Imaging,2014,13:1-8.

[4] WANG W,ZENG X H,WANG F H.,et al. Parallel Time-Space
Processing Model Based Fast N-body Simulation[ ]J]. Journal of
Frontiers of Computer Science &. Technology, 2011,5(11);
63-69.

[5]

(6]

7]

[8]

9]

[10]

[11]

[12]

[13]

[14]

[15]

SAPNA S,ANJALI R,KAMATH S N. Performance Analysis
of Parallel Implementation of PCA-based Face Recognition using
OpenCL[ C] // 2019 4th International Conference on Recent
Trends on Electronics, Information, Communication & Techno-
logy(RTEICT). IEEE,2019.877-881.

DESHPANDE N T,RAVISHANKAR S. Face Detection and
Recognition using Viola-Jones algorithm and Fusion of PCA and
ANN[J]. Advances in Computational Ences and Technology,
2017,10(5):1173-1189.

BANERJEE S,SCHEIRER W,BOWYER K,et al. Fast face
image synthesis with minimal training[C]// 2019 IEEE Winter
Conference on Applications of Computer Vision ( WACV ).
IEEE.2019.:2126-2136.

MULGREW,AMY C. A geometric approach to study the rela-
tionship between maternal and fetal characteristics and the
shape of placental surfaces[]J]. Dissertations & Theses Grad-
works,2011,30(3) :425-436.

WOO Y.YI C,YI Y. Fast PCA-based face recognition on GPUs
[C] // 1IEEE International Conference on Acoustics, Speech &
Signal Processing. IEEE,2013:2659-2663.

ZHANG D,MABU S,HIRASAWA K. Robust intelligent PCA-
based face recognition framework using GNP-fuzzy data mining
[J]. IEEJ Transactions on Electrical & Electronic Engineering.,
2013,8(3):253-262.

FENG C,YU-BO T,MIN Y. Research and Design of Parallel
Particle Swarm Optimization Algorithm Based on CUDA[]].
Computer Science,2014(47) :280-287.

HWANG F N,WEI Z H,HUANG T M,et al. A parallel addi-
tive Schwarz preconditioned Jacobi-Davidson algorithm for poly-
nomial eigenvalue problems in quantum dot simulation[ J]. Jour-
nal of Computational Physics,2010,229(8):2932-2947.

ZHAO T. A Convergence Analysis of the Inexact Simplified Ja-
cobi-Davidson Algorithm for Polynomial Eigenvalue Problems
[J]. Journal of Scientific Computing,2018,75(3):1207-1228.
AYRES D L, CUMMINGS M P,BAELE G,et al. BEAGLE 3.
Improved performance, scaling, and usability for a high-perfor-
mance computing library for statistical phylogenetics [ J]. Syste-
matic Biology,2019,68(6):1052-1061.

ANDREW R,DINGLE N. Implementing QR Factorization Up-
dating Algorithms on GPUs [ ] ]. Parallel Computing, 2014,
40(7):161-172.

LI Fan, born in 1974, Ph. D, associate
professor. His main research interests
computing

include high-performance

and so on.





