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Abstract: Objective Human face poses classification is one of the key aspects of computer vision and intelligent analysis.

It is a potential technology for human behavior analysis, human-computer interaction, motivation detection, fatigue driving
monitoring, face recognition and virtual reality. Wearing masks is regarded as an intervened method during the outbreak of
the corona virus disease 2019 (COVID-19) pandemic. It is a new challenge to achieve masked face poses classification.

The convolutional neural network is widely applied to identify human face information and it is using in the face pose estima-
tion. The convolutional neural network (CNN) research is to achieve face pose estimation based on low resolution, occlu-
sion interference and complicated environment. In terms of the stronger capability of convolutional neural network and its
successful application in face pose classification, we implement it to the masked face pose classification. Face pose estima-
tion is one of the mediums of computer vision and intelligent analysis technology, and estimation results are used for subse-
quent analysis and decision. As an intermediate part of face pose estimation technology, the lightweight and efficient net-
work structure can make the estimation to play a greater role within limited resources. Therefore, our research focuses on an
efficient and lightweight convolutional neural network for masked face pose estimation. Method The core of the designed
network is an efficient and lightweight dual-scale separable attention convolution ( DSAC) unit and we construct the model
based on 5 DSAC units stacking. The DSAC unit is constructed via two depthwise separating convolution with 3 x 3 and 5
x 5 kernel size in parallel, and we embed convolutional block attention module (CBAM) in these two convolutional ways.

But, the embedding method that we proposed is different from the traditional CBAM embedding method. We split CBAM
into spatial attention module ( SAM) and channel attention module (CAM) . We embed SAM following the depthwise
(DW) convolution and embed CAM following the pointwise (PW) convolution respectively, and we cascade these two parts
at final. In this way, the features of DW convolution and PW convolution can be matched. Meanwhile, we improve the
SAM via the result of 1 x 1 pointwise convolution supplements, which can enhance the utilization of spatial information and
organize a more effective attention map, we make use of 5 DSAC units to build the high accuracy network. The convolution
channels and the number of units in this network are manipulated in rigor. The full connection layers are discarded because
of their redundant number of parameters and the computational complexity, and a integration of point convolutional layer to
global average pooling (GAP) layer is used to replace them. Therefore, these operations make the network more lightweight
further. In addition, a large scale of human face data collection cannot be achieved temporarily because of the impact of
COVID-19. We set the mask images that are properly scaled, rotated, and deformed on the common face pose dataset to
construct a semisynthetic dataset. Simultaneously, a small amount of real masked face poses images are collected to con-
struct a real masked face poses dataset. We use the transfer learning method to train the model under the lack of a massive
real face poses dataset. Result The embedded demonstration results show that our proposed accuracy of the model is
2.86% , 6.41% and 12. 16% higher than that of the model which is embedded separable CBAM without improved SAM
module, the model embedded standard CBAM and the model without embedded CBAM. The results show that the model
which is embedded separable CBAM with improved SAM module has an efficient and lightweight structure. It can effectively
improve the performance of the model with little parameters and computational complexity. Depth wise separable convolution
makes the model more compact and the CBAM attention module makes the model more efficient when the model is regress-
ing. In addition, the dual scale convolution is used to tailor the features and enhance the feature extraction capability within
the limited convolution unit. The method of extracting different scale features to enhance the performance of the model can
avoid over-fitting and rapid growth of parameters derived of stacked convolutional layers. Compared with the classical convo-
lutional neural network, such as AlexNet, Visual Geometry Group network ( VGGNet) , ResNet, GoogleNet, the parame-
ters and computational complexity of our designated model decrease significantly, and the accuracy is 3. 57% ~ 30. 71%

higher than AlexNet, VGG16, ResNetl8 and GoogleNet. Compared with the classical lightweight convolutional neural net-
work like SqueezeNet, MobileNet, ShuffleNet, EfficientNet, the demonstated model has the lowest parameters, computa-
tional complexity, and the highest accuracy, which only has 1. 02 M parameters and 24. 18 M floating-point operations per
second (FLOPs), and achieves 98. 57% accuracy. Conclusion A lightweight and efficient convolution unit is designed to

construct the network, which has low parameters, computational complexity, and high accuracy.
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AFHEE N F e R e Zead CAM X3l i 4
HESEATAL IR SR I 255 SAM % 2% [a] F5R HE E 47 40 34
=NIN )

F' =M.(F)®F

F' =M/F') QF' (4)
K, FONEIEEE SR, M, e RO il
HENMY, F7ohzs BB S H, M, e RV
Ry AR IR, @ RFETTEMIF,

CBAM LUFR#E )T 2 (Woo 25,2018 ) 1 AR JE 7]
G RIRCRE R . WREE] 43 B 45 DW
GV PW BRAR, E—1 DW B, H
B A REIE R T R — B, B B B AU — AR
T I T2 8 T A 8B B A5 BRI E . PW
BRI x 1 WS ERUEZ S X DW BRI Rk
FFALER | @A S [ 38 30 (0] A RRAE . FRAF I 2553 DW

B RUG AN RE SR B R0 AF 3 08 19 28 [ {5 8 1 2l
PW B AUG A BEIRBURRAE [ 1) 23 1] K38 18 IR A 15
B ARG TN — 25 4R B2 8] SO 36 IR A 1R
B JEH: CBAM B 5 1R A (5 B B RRIE B i2E 4T
AOEE, SR, e bR v T 2O R B AT A3 B A B A
CBAM BB IE AR BB S B e fE . A SCH CBAM
BEHAR 43, 72 DW & BUS ik A SAM, XA AL 7% 25 (1]
{5 BB RH AR AT 25 8] 1 3 VR T e o A 3 ik
(RRIE 6 A PW 45 BB 15 4 18] K3 3 R AiE 11
RAGE, HAEH G i A CAM Xt HRRAF B k47 9 5
A
F' = M(F,y) ® Fyy = Mi(fyy(F)) @ fi (F)

F' = M.(F,,) ®F,, =

M (fon (F')) @ fo (F") (5)
K, Foy 0 DW BREER, fiy DWW B, Foy
9 PW BRGR, fon N PW B,

ARSCHG CBAM 43 B i A TR 1T 43 25 5 A, BT i
HARLER) DW-SAM-PW-CAM H1[& 4 fif7R (@ZFERIC
ZHHR) | HCRAE T CBAM DLAR 5 =itk A B 25
¥4 DW-PW-CAM-SAM , % %5 14 GE % 51 A7 2% b 1
BIBHNHTERBH,

R NE RS AWHESERZHEY WG
U T BT DAE — o AR SR AR R M (H X
FEMERE S KA S 8w Ft B R e 7
Inception ( Szegedy %5 ,2015) Z5#) )3 & T, AR SCR
AR RUBE 9 5 BRA% 43 0 B 45 FE G 0 20, 4 U (]
ROEMFEG B, 3 5 RIS 1 BURRFAE ( Tan 1
Le,2019b) . ASCRA3 x 3 fl5 x 5 BRI EEAY
& BUEE e o — ROBE B B, DU 5 /0 () A 7

1129



1130

oA —
hEEREFZER
JOURNAL OF IMAGE AND GRAPHICS Vol. 27 s No.4 S Apl’. 2022
HNFEE & Y |
REEB ] & ot i =}
4 ... A L AN i ' _CAM |
L:/ H _/ Uy vq T 1 | |/ e

Kl 4 DW-SAM-PW-CAM %544
Fig.4 The structure of DW-SAM-PW-CAM

SRR A IR TH BRI RE, 45 B DW-SAM-PW-  J54i0d softmax 15 8 i 284 45 8, A SCIR TR
CAM Z5#8 5B BRI 3 x 3 M5 x 5 DW & BUEQIEMEF R AT T, KgAK 7 S 80m fit
FURT SAM AbBEST ARRIEIE] 5 MG 45 5 A PW B TR E BIRMAE L NE 6 Fis .,

FRA CAM #EATAR B, 3 J5 K505 AN ] RO B 4AIE
P HEORAE N B B AR BT th . A SO
FATTHR R SRS 73 85 10 38 71 45 L ( dual-scale separa-

[ FHEZPiHZ ]

- - CAM CAM
ble attention convolution, DSAC) ¥70, i 5 Frs,
ASCRIFIEEH) DSAC HTE 35 2 R4 8 01 [ e ][ iewen
HoHE B A A AT AL i U R S R R 58 5 i
PO B4 o) BRI U S  PERE PR R fR SAM SAM
MERERIERG R AT T, 5 451> DSAC Hot I/
I ECHE L A 5 A DSAC HIT s it [ ssowen | [ ssowen |
LAY D, A 2 RO A v 7 6 4% Y 4 —
BEAEIRAR Y o LA SR FF 2R I )n — [ U ]
A~ DSAC B RUHICH I & BUZ , Hobi A 38 40y
H i — R s AR R B T AR I R AR 1 e T R K5 DSAC HRURHIT
WA n ASFFAEBRSTS TR n A4S HARB R AERAIE , 28 Fig.5 DSAC convolution block unit
UTPANESEES
%14
2
:
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Fig.6 The overall structure of the lightweight convolution neural network proposed in this paper
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2.1 HEEHES

SR YR B W) AR ST BT I TG S BRI
NIERHE . 78 CAS-PEAL-R1 ( 5K BE4E %5 2005) A
GRS KR R A L, S5 2k A e A AR AR
(1 151 8 UG E N, L T — 20 B 101 BN A
B, RIS RAE D S0 1 BN RS IR, 1
T —NE O AN ESBIRE, BRG]
K7 R, 56 1 AT/ B0 BUREAS 26 2 3 172 B At
A ALE AT (Yaw) J7 1) £67°, +45° +22°H1 004k
7 A, A R 1 040 N AAE T B
AR T PSS B 7 280 18, HoAr Bl
PERUERANEEAS 740 i3k 5 180 MEAE MU ZRbEA ) 4%
2 100 BRAEAMRRFEA, FLSCEHE S R 57 A~ NAEAH
[ 7 AN EA T R ESE T B 798 iF, H
B ALIE BURE AN EES 94 MR 658 WRAE R ZhkEA
Pl 140 WRAERIMRFEA , B EUGRST 5 —4RTh
128 x 128 1R Z LIFF A W 28 g A 28K, IR B ohy 1 3
SRR AIZ AL AE J1 , BEALXT R R B T 52 R A e
Mg 7 FRVRRY A 4cim H ai , JCrr M 7 SA B M s T4 (i
0 J7 220 0.002 1Y e 37 IR A 5 5 AR Ry DR 1Y

0. 5 A1 A7 ; EIBAAIR PR EAOI e A 2L

-67°  -45°  -22° 0° +22°  +45°  +67°

(SIS SR HR RPN AL

Fig.7 Semisynthetic and real masked face poses images

2.2 JIEFERSEHEE

ARSCR B ) I35 i e B4
PR IR BT RS 2 AR . BFIRIR
SR AR S B A 2 AL i 43 A FUAE W] A 55, B
DA SCR RO A 3278 07 2, K 78 I 45 7 B Al
AT AR 45 1 25 ( Yosinski 45,2014 ), SCH6 %
BEALEE TR, e E i & o 0. 9, BUE R %

BH0.000 55 RHHAR #2120 X, 2405
YIZRRE R 2/3 B, 22 2 R A IRk B 1710, DA
R 2SR A, B HE KN 16, 301 5% R Bk
VEPRAE S R, TERSHBAE S S I 2R 4K
B B R 50, Wl bR 2] 1 E S 0. 005, 7EH 5
RPN 687 F03 A€/ M wbun 4Vl EZ NP ANV €4 82 & = )
10, W1 HA > FBE M 0,000 8, SZ A AKRE(FF- &
4 PC 35, Windows10 #:1/E & 45,8 GB A7) Core
i7-9750H CPU b ¥ 2%, 4 GB W47 Y NVIDIA Ge-
Force GTX 1650GPU i £ , Pytorch VR 2 S FES
2.3 #R5H5H
2.3.1 CBAM fHutx A7 =00 L 5056

R T AT AR SO AR R A R AR R A
H RSB DW-PW 5k 5 LIARHE CBAM ik A5
K DW-PW-CAM-SAM R H 43 B i A 1 3 ) ik
) DW-SAM-PW-CAM 13t T SAM #i iy DW-
SAM( +)-PW-CAM J7 il i il AL J7 Grad-CAM
(Selvaraju 55,2017 ) #47 X%F e, 25 SR W& 8 Frs,
Grad-CAM 1 LLTE 28 i {7 0 26 6 2 > v o a5 G v
(18 DX 358, 3 2o XL 8 IO 45 DA Ay o T 0 288 T 2 174 X3, DA
M A 22 P 4 anfel 55 20 R EHR (S B . AAEL 8
ATLAE M, T DW-PW 53k K51 AR R S, W
XS BRI AR TS, ¥ CBAM Bk DR
J7 #im A T 0] 70 85 5 B DW-PW-CAM-SAM J7
PR HAR BRI 2 A AR T T W25 %) 5]
BAGE MR AR, SR B i ATE B B
DW-SAM-PW-CAM J5 &%} H bR 55 X 34 DW-PW -
CAM-SAM J5 48 K, W1k | DW-SAM-PW-CAM
TEA R IE T CBAM & A B 5 g A 7 3K,
AT DW-SAM ( + ) -PW-CAM J5 ¥ 1% H bR X 15
B AE DW-SAM-PW-CAM J5 1 g B il I ifF —
AR, R IBGIE SAM BEHRRIE— 255 TSR
PR, DEAN, NIE 8 1T LT A b 2] I 45 X A 0 44
NGB 5 BRI R ROR . SERas 3R W] R
JH DW-SAM( + ) -PW-CAM 75 B H £ 4 ] 2% % H
DX 3 BRI A B e s, B B A AR B RS AR AT

Rt B UEA [l A T RE X A 4 Fp
T T X AT . ESRS E LU S
B, BARAERNR (overall accuracy, OA) fCEKH —Fh
T BB 2 BT A 2800 Hh 432 E A A R AR 4
mRFEAREG H ], RV R PEAN P AR R H Y
BEAY 2 8 A A FD VF A2 B R BR (floating-point
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I8  Grad-CAM AIHAL4E R
Fig.8 Grad-CAM visualization results( (a) input images;
(b) DW-PW; (¢) DW-PW-CAM-SAM;
(d) DW-SAM-PW-CAM; (¢) DW-SAM( + )-PW-CAM)

operations per second, FLOPs) , BEAh A
IR AR T R 2 R S HCR I FLOPs YRS i,
A A AR I 0 B S8R FLOPs IYHT#2 T
JETTREMDAR THAERA A, 3 5 B T S e, 3R T
(9 OA 4355 34/ i 2 50 F FLOPs it FUAEL, o
FESCNARSY S, HRFHRY OA 53N S5 1 e
NS, BRTHET OA SHIANE FLOPs B LLAECA S, .
WAR, S BRFIRZIE B 0 5 |, RERSAE

B SRR/ IR B LUK B e i ERR % S,
S, SRR

0,-0

S = (6)
pn _pb
On B Ob

SZ - Rn _Rb (7)

K, 0, 10, 53 BICER 15T I ik AR E 7 2 0 A8
IRHERE 3 p, Bl p, 4 SIARER 1 5 RN T )
ZHe, R, R, 43 A M i 7 s A HE VA )
FLOPs.,,

SLEREERME 1 Fon, ATLLAE 1) AR
TIBHAT LA AT OA, CBAM DAAs e J5 =iix A
W25 ) DW-PW-CAM-SAM J5 %88 A 5| AT & 14
Pk (L) - TH T 5.75% . ¥ CBAM 43 55 ik
AR AT 43 85 45 FR Y DW-SAM-PW-CAM J5 12 85 5
LT T 9.3% . fE DW-SAM-PW-CAM 7 ik
HE SAM B Y DW-SAM( + ) -PW-CAM J7 VL4 B4k
BTFT 12.16% o 2) TEAWANISECEF FLOPs 1
#£ T, DW-SAM-PW-CAM 77 ¥ AY OA % DW-PW-
CAM-SAM J5 A B B2 T+, R B 43 25 CBAM [k
A7 2 s i AR 7 200 B 3 A 3 b ik A
CBAM fig 7 (42 A BE AR PERE. 3) DW- SAM( + )-
PW-CAM J53: 1 OA # DW-SAM-PW-CA J7 445 B
SR TF, DW-SAM ( + )-PW-CAM 77 % ¥ 3 i %f
SAM BB 1 x 1 s EFURZE RAE AN TG R,
AT T OA, {0 [A] Bt 5 5055 7 ) 2 400 A
FLOPs /NIEHE T, 4) DW-SAM( + ) -PW-CAM J7 ¥
B S, S, ¥ ks, R W27 8 i ik B
B SR A58 02 4% B AR AT T 38 e 9 7Y of
TR

F1 AREERNFERIMEEERTEE

Table 1 Performance comparison of different embedding methods

Tk ZHE/MB FLOPs/MB 0A/% S, S,
DW-PW ( 3:£8) 0.85 18.24 86. 41 - -
DW-PW-CAM-SAM ( CBAM ) 1.01 22.81 92.16 0.36 0.012 6
DW-SAM-PW-CAM 1.01 22.81 95.71 0.58 0. 020 4
DW-SAM( +) — PW-CAM( A 3C) 1.02 24.18 98. 57 0.72 0.020 5
TF A R FIR AR s - 7 FR AR B R 7S
4 PR MG SOI R E 9 FroR, AT 2.3.2 RREIREEGFRAZ T LTGS2 5

LA H , DW-SAM( + )-PW-CAM J5 3k H AT & il
SOE | H A RENS SRS B i O TERf R

N T BEASOR I 2 N B B RO, XA
) ROT BB B 2 & AT O L5236, 3 x 3 B
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Fig. 9 Convergence of networks training process

C2T Iz N T 28 AR R AL 3 x 3
GRRZ I AR R HEE R 5 5.7 x7 F19 x9 iX
3 il RS 5 B 2 G Oy 20 PH 4 BUE 38 A 0 L
SR, ARSRA 11 x 11 KL BB A R R L T
)BT AlexNet 5 11 x 11 B FRAZAE Jy A & 45 1E
PEIUZAN DA M 4R R BRI 2) RRSHBH
% ot SR SRR Y 5 3) 1 RRGT Ry & AR AT
AE T AR BURFIE TUAS T3 B AR P RE

AR 3 %3,5x5).13%x3,7x7} .13 x3,
9x9}  {3x3,5x5,7x7}.{3%x3,5%x5,9%x9} .

{3x3,7x7,9%9} F1{3 x3,5x5,7x7,9x9} %K
LREEHIE XS LSS0, SRIR A5 R & 2 PR,
ATLAE 1) Z RSB 8 M 4% 1 OA 4B
TR — RUBE A I 45, T8 AN 3G 0 RO B2 R 58 B2 1Y
2T, R 2 RO A& B e 06 A7 2303 T A 1Y
HERA R, 2) SR = RUBE e U RUEE 6 PR AR 2 1Y I
251 OA oy TR HIBUR EE 5 AR AZ 1Y I 2% E AR
GRUZAHER ML S, 1S, 5 & TR H =R
FEa 0 REASRAZ M 2% BIR ] 2 ROBE S TR
RENS A SR TR OA |, {H & B8 IBL R 1) S 50 &
RS 2 B TSR B 46 BR A ) 8 1 I 2% g
g > SRR T AR R A SR T OA
3)ELE 9 x9 BRI ML ) S Bk, Bk H
1 KRS 1) 46 B B I 285 AN BE AR 4 M 7% $2 7+ OA
FViAE 2 i M08 58 4% B 2 () U A, 2%
KRR R ROBE 19 46 BB Be 05 4R A5 3 & 1 R k{5
B H KRR 19 46 B 2 38 U A 2 40 it
AR IR R RIS N, 4) R {13 x3,5 x5} WK
JIEB B I 28 T TE AR 2 98. 57% |, B FEHEIN 2%
{CHE I T 0.03 MB () 2 % & Fl 3.68 MB 1)
FLOPs , t5 8 B R HAT Se sy 1 S, RS, , RPZE O 4%
D B TR S A B I N B R T A SR
T A HER

®2 ARRTERZAGHIMEREX L

Table 2 Performance comparison of combinations with different kernel sizes

ERHAE K SR 5/MB FLOPs/MB OA/% S, S,
{3x3} (%) 0.99 20. 50 95. 14 - -
{3 x3,7x7} 1.05 26.27 97.29 0.36 0.003 73
{3 x3,9 x9} 1.09 30. 89 96. 28 0.12 0.001 11
{3 x3,5%5,7x7} 1.18 32.24 98. 15 0.16 0. 002 56
{3 x3,5%5,9x9} 1.23 36. 86 98. 43 0. 14 0.002 01
{3 x3,7x7,9x9} 1.26 40. 32 99. 14 0.15 0. 002 02
{3 x3,5x5,7%x7,9x9] 1.13 46.22 99.29 0.30 0. 001 61
13 x3,5x5} (A&3) 1.02 24. 18 98. 57 1.14 0. 009 32

AR RIS S SR EE R« — " Fom AL B 25

2.3.3  [EI R AR LS

N T BEA ORI PERE, 5 AlexNet , VGGNet
(Visual Geometry Group network ) . ResNet ( residual
neural network ) Fll GoogLeNet 4 25 ML 35 FH i 25 [ 4%

FH DL K SqueezeNet , MobileNet , ShuffleNet F1 Effi-
cientNet ZE{IL 75 1) 42 5 906 FURR 4 X 2% E 47 L 3
SRR SRR FLOPs F1 OA 1E A IEM 845, 250
FIRER 3 R,
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Table 3 Performance comparison of different models

MR BHE/MB FLOPs/MB OA/%
AlexNet 61. 60 715. 54 67. 86
VGG16 138. 36 15 620. 12 83.57
VGGI19 143. 67 19 793. 67 77. 86
ResNet18 11.69 1582. 81 95.00
ResNet50 25.56 3 530. 02 99. 14
GoogleNet 6. 80 1 550. 65 94.25
SqueezeNet 1.25 829. 88 73.57
MobileNetV1 4.24 569. 66 90. 00
MobileNetV2 3. 40 320. 24 96. 43
ShuffleNetV1 2.45 140. 62 93.57
ShuffleNetV2 2.28 49.28 95.00
EfficientNet 5.30 390. 69 96. 43
A3 1.02 24.18 98.57

TE LA R 25 5w 2

M3 ATLLE 1) & G B 2 [ 4 Hh i
AlexNet PIZESEFAHXS R B, VERBIC 22, BEIR A2 4%
f) VGGNet ,ResNet F1 GoogLeNet 4% REfSA R T+
BALERG . 2) VGG19 M AEFIE 13 VGG16 M
NN S, PERE T R, (H SO0 25 S i R LM R R T
N SlrS ol R R = | E oy AV et P e E (5 i
WS RE ) A [R] F BE I 25 By 5 0™ 468 6 R el
Yo 1 O G I3 OA TR, 3) HA %%
2225 M) ResNet AIHEAT Inception 544 GoogLeNet
IR 265 R A% i DR 7 0 28 o ) 246 75 Sk %) i , i 4 T
W25 PEfE, o ResNet50 9 OA iK 2] T 99. 14%
4) B8R K ResNet 3% GoogleNet fig fi% $ i A5 Y (14
HERR 2 (HAL G2 W 25 (1 5 2400 Tl FLOPs Y85 D
K, HH VGG19 IS H#IAF] T 143. 67 MB,FLOPs
19 793.67 MB,, 5) >R I 48 G 45 BUM 4 1 45 W]
DATERRARASE R S 850 R 5352 2 i 1) [ I EL A 3
AITERR >, MobileNet 48] 5% 2 4% #4 | ShuffleNet [
WIEIR TR R WS UL I EfficientNet 2 44 1E IR & 7 i
FRAEAR IR DL 4% i i A AR T3 R 2 BE AR AS T
IR R, A SO ) DSAC BT RE R
AL [ B B A 35 I HER R, 6) &l i
A PP 28 AH L, AR SCREARY DL T /0 1) 2 400
MR E R ARAS T 0 A HERG R % SqueezeNet
MobileNetV1 . MobileNetV2 . ShuffleNetV1 . Shuffle-

NetV2 Fll EfficientNet #£F+ T 2. 14% ~25% , S50 &
KAk 7 0.23 ~ 4.28 MB, FLOPs [&{% T 25.1 ~
805.7 MB, H i, # SqueezeNet #& F T 25% H
FLOPs %MK T 805.7 MB, 7) /R SCHEAILL 1. 02 MB
A HR A 24. 18 MB 1Y FLOPs k74 T 98.57% HY
HEBRR BT I R 254 B0k e Hmsk, 1
HA R 2SR R0 R, KR PR T S 802
TR RE BT TIHHERCR,
2.3.4 AR sc

M T B R ) 1RSSR R
B — R R /INFEAR 27 2 5 502 D I R A ) 5%
i, ARSCETT T PR S8 M R Bk = n)
JEIE VR A 4 21 O L AS0HE 0 B S A | A A A
TEIR A B £ vh BEAT U 25 s R ARl 0 LA s
BA 5 BB EE 53 A B RE L, R IR
2T IE BB A RO N ZRA AL, BT LUK e 05 LB
Pt LI ZRi 25 A R T 28 L S g A b 3R Tt
PRI ) HER

AF T L 25 Rk 4 s, Al LA
L 1) AFE D LB S I 2 A AR B B = A 5K
BT Bz AR T, LA SRR A v ) v
BT o 2) AUFE LS H0 A0 A rh I 25 A ) 6% A A
(R e AR, SR R Ry B ER AR b /), R4 2%
Gyt A FEON K MER R TR, 3) 76 B8 E A
2 AR A 0B A LI 2R AR () HERR R g
B 90. 2% 3 1T B 2 > Y25 B TR ) o i o3
AEAZILE] 98.57% , LHG R RHER ¥ ik
REASTEA FR A LA 1 BN S 2880l 25 A 20
SR 2R | H AR A R ALER 22

F4 AEHNZEFER OA
Table 4 OA of different training methods

YIGRAEAIR OA/%
b AR 67. 86
BERSR /TS 74.29
TRA B 90. 02
AR 98. 57

T IORL T A BRI 4h
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3 & g

AU T — MR G B 22 M 28 5
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DW & FBURT PW 5 B, B X e o A 1F 1 19 2 R A
SR IE S B AT R, R, X SAM BEH Kb 78
1 x 1 B ERURAAE L, i SAM BB 0% 45 BCE £
B A G R, AR TS IR R, RE,
F R B R AL DW-SAM( + ) -PW-CAM %
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bEas Sa NI EIE Y IR Y Ape {OE ) NEN N RPN 0272303 54
Pt I AT WO 2505 12 A 2 L S B0 4R TP o
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AR SCUBE T o 28 A 7 HLAT s e B I 254, R
T2 T SECE AR R 4 8, HLA e 1 o 25
W%, RAHERS 2= 2 B e B = BLSE 1 B
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