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Abstract: The high performance of artificial intelligence (AI) is usually dependent on large and sufficient
data to train parameters. How to improve the predictive performance in the case of insufficient data, i.e.,
few-shot learning, is one of the important research subjects in the AT field. An image interpolation-based
few-shot learning strategy is proposed, whose feasibility is verified in the task of handwritten digit image
recognition. The few-shot learning performance of dense neural network and convolutional neural network
in MNIST and USPS handwritten digit image recognition is systematically studied. The calculation results
show that the image interpolation-based data enhancement method can evidently promote the characteristics
extraction ability and learning efficiency of neural network in small sample data. Moreover, selecting the
appropriate scaling coefficient of image interpolation can further optimize the few-shot learning performance
of neural network.

Key words: artificial intelligence; handwritten digits; few-shot learning; computer vision; image recognition

BEEWE : HE A AP IE4 (220030205 12074151) 5 L34 A SRRH= 5L 4: (BK20191032) 5 # M i #5003 H (CJ20200045) .
5 B #3:2021-05-19; 81T H#1:2021-09-01



R oA FATEARBEGDHAFBERFRAINTR 299

51 Bl
AN TR BER AT ML LAZE A 7 302 > FA R o Bt B DR 4 S BILAT il 14 o A L BB o )

N2 Bl 0 B A5 SR, T B T R mT RO o P L B T AT A S HLRE MR 2 KB HES TN T
BRERY &R R 5| & T R 2 ARG AR B R A W AR A N TR REAY R
BT AT TR I B S I R A S B il L T B TR0 /0 B v ORG BRIz AR RE ) . SR AEAR 25
B 07 FH 3 35, B AR B0 S T 53 R AR A T A A 45 R R M 7 G 325 5 B A AOb v o v T o R 1 B 2 A A
AT N TR AR VE R S 10 B/ R LA AT Sy AR ME IR B B B, R , /N AR 27 o] B3 2o /D i e AR
2 345 3 gt o 1) 1Y v s A N TR B AT EE B A T I 2 —

ANFEAS 2 5] H AR R B AR R R 53 ) R 5 28 5 R R A 1 2 RMRAL BRAT: 55 b B A
RIS dn R A 2D Gabor 3 I 58 3R B, 45 A TR A B SR R 4SBT INEAR 2 2T 1Y
A BFL 1% 7 I8 (Synthetic aperture radar, SAR) BRG] . Gabor U I #% BEAR 47 Hb 48 48 R 09 AR FR1E
[7i) I 35 i 9 Xof JHL Jay S 4 i E AT A 28O0 T o Rl Li 26 R B T T N A RIS 0 2 1 TR T 2 ST B R
InterBoost, 1A% 7 F 5 A4y 1 19 A4~ A ] HE 42 (7% % B Ao 22 T 246 9 Bl L) s 1 B 4L S50, 4R ) 3 ot L 3
NG J5 X PEAT PIRE AL Z 50 565 =AU, e B Y =245 2 P H A 57 R A 412 B0 T B 1 4%, fie
Je RO A1 O 286 T30 245 S 1 SF- (B A Sk InterBoost A58 5 i) fie 4 HH o #2224 /IVRE i B0 42 1 i i 225 21
FW] T WA L T AR T AE R SR G B LA i R T

FH AR RN B NEER T NS AERE I Z — 295 WA B RN T5H
R UCE B K R OE R TS S TSR AT AL R G S IS B A B e v At L e
MTFEET A RARCEA G Z TR A AR T T 5B EUR AR R B, i TN A
BE B ZHE, 5 ) (BREE ) BEWF BE I L)% RS ek 225 HEA
—E R BEHLYE  BIR — S AEARRI RS N FE R FUAS S 2ME, EEA TR Bm xS, Wik,
T BT I ol 25 ) 24 A AR A B e = bt AR A R AT A UM AL . e A A AR A 1 A T A AL
5 DT 52 B0 X T 5 B0 (0 TR A R O e DA AN 2 R AR B i B A 25 i 2l AR SO e R
PG (53 12 0 T 5 B R AT TAL B8, AN [) 1 12 0 4000 144 i rh 18 22 500008 9 SR, A SO T T4 v 14
1T (PR 3R) |, IF A8 35 3 PG 50 BE SR B SE Rl b, 1R ANBIF 5 Wb 4 04 28 90 4 £ T 5 5005 1) ) At 5
Hiat B2 F/IMICH M L B 2 B0 25 505 v 26 AR U BORE /INBE AR 25 3T B2 e . F 5 2 SRR T, TR 1 T A 2 T
DA 3 B T 5 B R0 B 2 I 2% 1) SRR AE R BT i, B TN /IR 2 2D R

1 #M#FFHE

1.1 NERIISGEEENN E

1 R Bl 2 20 S50 — A~ 20 BUBCHE 45 MINIS T 85048 4 42 7 60 000 5k Il 25 % A1 10 000 gk I 3K 14
Bo A BRI R 2818 R X 2818 R MK BE MR . o T 58 T-5 BT R 01 ol 28 I 208 A2 700 1) /N AR 2 2]
P BE I 10 PR AE /R AR I G B v 45 B0 AR AR B — B0, X T8 80 , ML 60 000 5K MINIST J5t 4 il 2k 4
BEBLIE BN A FEAS A I AL RN R TOX NAS B YN ZR0d 4 o i ad 228 NAH, 7T LA SRR A BT A5 1
IR BHE A LA S 56 UE P 28 0 2% 76 i o B H /D BEAR 1 FEECF O = S PR . X T RFE N
{8, A SC G5 — i 7] — S Pt 4E |, B 10 000 3K MINTS T 3 2 2 47 465 750 1 i 3L

26 [ MR IR 45 USPS S04 4E 45 9 298 3k RSl 16 18 % X 16 4 R0 T 5 B K % . A SCE %
B USPS # AN B 48 BE AL 43 8 7 000 3k I 2k 4% 0 2 298 sk il ik 1% . 5 MNIST i ad 7 — 2, 4 F
BB, N7 000 5K USPS Jit b Y1 25 4 v BE ML BN S REAS & 9 41K /Nl 10 XN A 1 31 25 5 48



300 W REBLE Jowrnal of Data Acquisition and Processing Vol. 37, No. 2, 2022

PEAT BRI BB 5, IG5 — 7 2 298 5K IR 4 b oF A7 58 20 fig 3K

ARSI FH 9 MNIST A1 USPS 046 4 ¥k 1 T Kaggle /£ 46 - &5 (www kaggle.com)
1.2 BE&iEE

Pl A5 4 {2 PR A 3 0 0k 22— 8 7 FH T AR AR S AN A B PR o D 9t v N T R A Bk 1Y
RRAEF 2 B8 7 o VRIS (8 o R O 05 3 A R MR R 9 5 125k 5 AAS [l 9 UGG sl L 42 v &
Qi (5 BESR) o MR 7= 26 R SR 38 600 B 8 00 D7 v R TRD PRI (1 530 12 W 4 oAy o G084 {1 L 0 4 4 £
DA ROBL = YR 4 {55 22 b4 {4k 27 =X

Wori'sl
5 4847 1 (Nearest) /206 5 4G R 0 R A0 (2 Z @l (L) GHLj+)
2 T 28 476 (1L 5 A 25 1 £ 1 (a4 1
XLk M4 1 ( Bilinear) F) 5 06 R 9 4 S BRI AB SR BE S |4 <

JOACE 4 AR S A B, R s . B9 R EGBR E (i,j)‘ (i, j+1)
MG, ) G, ), Gy DR KRG, 1) AR A G, j+ W st /
0) 1 4 A B AR SR A A 38 I R M AR A X
F(itu, j4+v) = (1—w)(1—v)F(i, j) + (1—w)oF (i, j+1) +
u(1—v)F(i+1, j) + wF(i+1, j+1) (1)

WEAGE A G, jHo) WA EME . Kb ou o B3 E M NG E
B LF RN B

B Bicabic) 2 — W0 5LV (ST 2% LRI o i:’:ﬁfiimm
I BEE 16 A i I (L 435 S5 30T 48RRI 48 45 ) SR BE A5 (R A - 44
AT IR AE , AT 5 1A XS 38 B RS 23R

AT ke ST RS 08T AR R AR TR AR AR A X R e P A% v RN o A R 4 SR R TR) L 48] 1 4 T
KA TR ES = Hypnew / Hosgna = Witnear / Worigina 2 1E o 3 B, (H s W) F1CH s
W s iinear ) 23 ) % B U8 MR AT S5 BSR  m S v 4 (6. LS TR ES = 1.5 0 MNIST
BG4 B 7R ) o 4 (5 B RS 4248 38 X AR 31 K B TR o
1.3 #HEMK

22 IR0 % ELAT P32 I PR M B B 2 1B LB B8 T o 2 I 0 0 A TR et
AU B T 5 BRI (28 (AL, 43 53] 35 B4 7 oft 428 T 45 R 46 R A 28 I 246 A Ry 2 2] 25 R B IE 56 T
FURARE W DEEAR FE R F VNG . &M% —Ba & — AR — D2 U T A RO
Fo BMAZMAIuR R BT S A B RO 4EEEVC D . G I (A Ak B S A ER R ST & M A R S
) A T AR DRI i A O T A R S e o X

F[bilinear

T F 5 EBF AR i )2 104 # & oo, Hok i Input —
onv.
J3 TR R 0~9 i iy PR AR filters=X, (3, 3), relu
FF O 4 2 A 2 [ 4% P 2 () s, i PIA4eie (Denselunits=X, relu)| Tlen
22 (Dense layer) i & , Ho b 55 — 4> dense J2 9 it #f [ Dense (units=32, relu) |
B X [Dense (units=10, softmax)| ]
20K (Units) A AT PH AR & X0 A TAF® 3 A X, (H [Dense (units=10, softmax) |
R BT L5 A B X 4 3% i 8 I 4% 1) /N RE AR 2 3T P g [Output |
AR . P2 (b) 45 T T i 2 ARl 2 i) 245 ) 465 25 20 (a) Dense neural network  (b) Convolutional neural network
Mo AR TR W JE A 3 2 )2 2 i i e P 2 (Flatten B2 A

layeI')j:ﬁE%—AE‘:(’ﬁ%}EE(Consz layer) ,;H\:t-ﬁﬁHJlﬁ Fng EVaanted mOdelS



R oA FATEARBEGDHAFBERFRAINTR 301

DB B (Filters) 4 Al i A2 ik X o 78 S 5 B0AR X AR W5 0 80076 (DX 5 BR M 2 19 248 1) /N RE S 2 > P g
R
1.4 INEEZREE SRR SR B

22 19 2% 1) A R 5o 20T N SR K 9 S R AR VR 2 o R R T RAE B =, LR/ VEE B
Bt b f B BURRAE IR R BAT R RZ ACROR o B, A ) B9 /NVRE AR B0 | () — A8 0 7 ) X 4R b A ) 3K
WG PEAT AR — € T2 I 09 BEDLE: , I 30 20 i 138 38 Bl 2 11 2 a0 4 s /N 38 oK D 1 R ml R ok S/
o i K5 4 B BIL /30 80 A R B0 R 5, R T 4 R A RO R AR B N B, AR SR 22 UK BB AL 32 HRORE A A
ZAINGRAE CREEARLCN 10XN) |, IR 43 AU R 46 73 0 47 0k 57 9 B8 2 5000 2k, 4yt 57 1) 0 RS
B HAARORUE, AR Mt N{EJE , B

200 N<10
10 N<C 100
M=11% (2)
50 100<< N <1000
20 N=1000

2 fifi 5 1 2545 (60 000 3K MINIST & 4% 8% 7 000 7K USPS 44 ) i, LL N=6 000 (MNIST ) &k
700(USPS) AR , M B, M=1, M M7 I Sk B D i 1 2 00 308G B2 3F 0 BE AR N Y #2819 2%
MERE

£ 3t F 5 B MG 43 28 ) L, R T “RM Sprop” #1“ categorical _crossentropy ™ 43 S AE A Pt Ak #% A1 48t 2
BRBCIE AT R S B0 S . RS B (Accuracy ) , BIVIE A8 51050 B 76 I3 42 v 0 B3I, J2 A o AL £ A R
PEREIT M #6845 o YN 255 72 b B9 4t & R S8 S min (N/3, 128) , BV N/3 5 128 i /M . 2% S KR E N
0.001(keras BRINBLE ) o 5340, I ZR IR 15 (1 2% AR B (Epoch) X #ft 28 9 2% 1) 1 RE A B RS2 e o 2 AR IR
KA CIZRA G ) , B AT GBI A 72 R ANA RS s 2 BRI 2 I LA % o AR &
B 5 45 TR ) 2 2D 8% T2 AR BE A 56 o DRt AR S I AR BB ) AT 9 PRI 47 6T A 428 I 445 /8
FEA 22 3] B 1Y B2 o

2 GRS’

2.1 EIRIRE

SIS Ubuntu 18.04 82 1E R 48, A7 4 32 GB, R 48 B A9 40 A ST B ML 5 TH R R B 75 20 B IR
2% ) JF Keras=2.2.2 fil Tensorflow-1.3.0, B4 (19 43 B FLAE A 8 Scikit-learn-0.19.2 F1 Numpy-1.18.1; fiff
FH Python-3.5.6 #4746 48 i A5 L1 5 R £ 80 70 7
2.2 EEMEMERMEERES]

& 3(a) g5t T AR B Epoch = 5, 4 3% 452 2 i Hh i 22 00 B0 X, 43 i) ok 8.32.128 .256 L K& 512 i) iy
A B 25 W 45 #E MINIST Ji i B (R 2o 3 (A0 31D iR 25 5 . vT DU HY, 43 246 DA (B ) DI 25 [
G2 ] B RHAEAE s ) I R i3z A e T B X (8 09 38 R 48 T, e 0 R 7 N BN, 42 7
BRI . B, G g IR (R N=6 000 I} ) , X, {8 #9748 4k n 5142 03805 M 91.6 % 42 75 2]
98.2% . X T N=1R#/NEEA S G A 28.3% W4T, 4 X, =256, H N = 1281, Aa] N{H
0 2V R T T B G, 26 WY R0 4% SR R 7 [ A S B I G0 R 3R B T B U AR R A e (R &
JLED -

Ry TV R M 47 (L 1T 5 T A BT bl 2 0 2 /INFEAS 2 2] PERE I 52 R L T 3(b) g5 T iR AR AR
Epoch=5, X, 5l 4 8.32.128 Dk K 512 fsh 4= 1 11 28 ) 4% 76 MINTST JE I G 48 (SRR ) FlS = 1.5 B XL



302 W REBLE Jowrnal of Data Acquisition and Processing Vol. 37, No. 2, 2022

1.0
§ 0.8F
§ 0.6+ —X=128
2 0.4 —X=8 X=256

02} —X732 — X =512

00 L L 1 1

1 10 100 1 000
N

(a) Test performance of MNIST original at different X

1.0f
081
>
2 06F
3
Q
< 041
02¢
1 10 1001000 1 10 1001000 1 10 1001000 1 10 1001000
N N N N
(bl) X =8 (b2) X=32 (b3) X;=128 (b4) X=512
(b) Accuracy comparison of the original and interpolated image sets at different X
Y
e
3
3
<
0.0

1 10 1001000 1 10 1001000 1 10 1001000 1 10 1001000

N N N N
(cl) Epoch=3 (c2) Epoch=9 (c3) Epoch=17 (c4) Epoch=21
(¢) Accuracy comparison of the original and interpolated image sets at different epochs

K3 i

Fig.3 Dense neural network

SRR (E PG (2020 B E5 AT . ATRAE ), 2 N> 1 000 8% X #a i T i i fb 48 it (=512) B, KL
TR B0 0K 32 5 2 1 TR AT PRI A7 1 T A BT T T G 5 T >4 N /N FL X, << 128 W, IRIAG e R 474 (L T Ak ¥ )
AL 25 4R TR ) /NREAS 2 S PR RE . BN, X T X, =32, A5 R RS BE RS R i R Tk 12.3 % IR,
XU A PEIAGAR 18 /INVBRE A BSCHE  vh vT L3S T 4 37 1 28 0 248 ) R AR SR ICRE 0, A B T4 AR T Ak

B 3(c) 44 TH £ I8 X, = 32, Epoch 23 91}y 3.9.17 L K 21 I 4 i M 25 0 4% 76 MNIS T Ji 4 1]
PR AE (RAREE) FI S=1.5 Wy WLk P 4 1 16115 4 (20 (0 40) i U RS B2 X L o mT LA Bl % Epoch {H 1) 344
K BERAE KBS AR (B R NAE) b i 3R B 5 2 75 2R 47 RS 470 (8 390 4b 33050 °F- T 0%, R W T 4 28 T 468 X 4
it i O o TE RSN NAH (NFEAS 2% 20 ) I, BERTE 347 4 1 T AL 3915 T A4 T AR 280 (19 2 2] 0%, B
T [F] — Epoch {E I 1] {5 4 {1 7 A 3845 X6 5843 1) TUIORS B o Epoch {E 5 /1N | B 11 41 T 5 S0 A 1t 1A
o N, Xt Epoch=3, 5% 78 {1t i 120KG B 1 i e K AT 38 13.6 %0 o WU M G4 {8 AT LA 280080 2 XT3
SR AR R 1 R AR UEC AR AS o DRL I, WU P P15 A /A /IR A B 4 v AT LK N 4 % i 25 00 2% 114 ¢
TESEHCRE T, A B T 42 FH B B I Rk



R M FATRRBEGIHEAFBERFTRANFR 303
2.3 HERMWEMBR/DMEERET]

Kl 4(a) 451 T KB Epoch="5, % BUZ 2 B 45 50 X, 43 58 4.8 .32 LA J 128 i} 11 46 BUbf 28 I 2%
FE MINIST JFU bR R (R 24 (AR B ) (MR 25 38 . T RAE L B R 246 DA (AR ) DIl 25 B v 2 20 511
REAEZE IR 4 ) I3 TR b i 22 A e ) BE A X (B A 38 R4 7 o R il 2 e N BN 48 TR o8 B
B, S0 s B I 2R 4R CRE N=6 000 B ) , X {B 9 45 £k 1T 5 | 0 a8 B2 DA 97.7 %6 4 v 31 98.4 %% .
AT N=1 8 /N A 2 2] OS2 7.1 00 i 5t

1.0
§ 0.8 B _){c=4
§ 0.6 — X=8
2 0.4 === —Xx=32
0.2 — X=128
00 L L 1 1
1 10 100 1 000

N

(a) Test performance of MNIST original image at different X,

Accuracy

1 10 1001 000 1 10 1001 000 1 10 1001 000 1 10 1001000
N

N N N
(b1) X=4 (b2) X=8 (b3) X=32 (b4) X=128
(b) Accuracy comparison of the original and interpolated image sets at different X,

Accuracy

1 10 1001000 1 10 1001000 1 10 1001000 1 10 1001 000
N N N N
(cl) Epoch=3 (c2) Epoch=9 (c3) Epoch=17 (c4) Epoch=21

(¢) Accuracy comparison of the original and interpolated image sets at different epochs
B4 HPU 2N 4%

Fig. 4 Convolutional neural network

B 4(b) 451 T EARIRE Epoch=5, X 43514 4.8 .32 DL S 128 B (1) 45 B 28 X 4% 76 MINIS T J5 7 [
1G85 (BRALLR ) R S=2.0 (1 XU V4 (B PR 4 (L0 B 28) O DR Z5 SR XS He . T DL 6 T3 KRR AR B
£ REAU 10 ISR B 5 O A R AT RS A A B T TE 56 . ik UE AR AR XU /NI R TR TR AT 47 18 7 Ab
RS AT DL THRE A A /ANRE A 22 ST PR RE . AN, X T X = 8, B AU A I RS B R e R R TR 506, it
XL G AR B TE /N A K0S 4R v i) DUSS in 45 FR Bl 28 190 2465 1) e A 4 IR ), A B T 3 TS A0 Ak
TR A, WA 4 (b3) Al (b4) FioR , G TAL 21 AT 5158 00 350R B RS V5 [ ORI K B 38 5 o0 £



304 W REBLE Jowrnal of Data Acquisition and Processing Vol. 37, No. 2, 2022

{EL) , 2 T 0 248 5 R 7 24 i ) 36 2 0T X T 8 20 B 3R P GBI Ol A A — 5 R JEE 1 AL o

Bl A(e) 4 T i I 43 5 X, =4, Epoch 43 5124 3.9 .17 LA Kz 21 B 14 45 B 28 9 2% 76 MINIS T J5 46 ]
AR (RAL) R S=2.0 A9 WU A4 {5 15 4R (20 G 20) By BlRS XS HE o T U Y, AR KL Epoch fEL
BN A5 Y g KOS B2 7 S TR AR R0 b ) R B 5 02 15 R AT R R B Tl A BT - TE 56 . 5 i 4
P 25 S A8, 75 B /I NAEL CRIVINEE AR 27 o] ) isf (A5 A E A7 4k (L T Ack B U T DA T 0 (1 2 > R . ol
XFF Epoch=3 , F BY ft) 0 30RT 2 39 58 e K nl ik 4.8 00 o IR, RUZK M 11 80370 B0 7 /DB AR 5040 4 v T LAY
T BR300 265 (0 A5 A B HURE T, A3 D T £ TR L A I B
2.4 HHEAHNEERZINFNT

205 T A BORT LA SO AR (ELIS PR 23 B o 23 B RN [, o 22 100 24 DA RE ) 20 B B0 46 o 2 31 9 45 AT
o 22 5, TR A R AR K R S B IR . 3R 18I T Epoch=5 i WU M 3 B A [) 4 il 5%
OGS 2 1 1 22 I 245 1) /R A 5 o) B2 i (b Ak LA
R0 42K/ B RS R ) . %y, R
(ELAE/INI i 22 0 45 (18 /IR AR 2 > P B i 35 446 T
F RS H i 3 R e . Bl n, X X =
32,S N 1.2 38 K3 2.0 Al 5 5 I 30K B B R

WEMRBERRREMRE N L EHZ R LK
B K
Table 1 The maximum accuracy increment of dense

neural network with different S of bilinear

interpolation
6% ETFE15% . BEE %6 R ECS (8 1Y 2k 22 1 S

K AN R R B B I T RS, X 18‘20 YRET
o o R b Pt - . K . . K 3.
%i?jm?im @/’Mﬂﬂﬁ?ﬁ ﬁﬁ#iﬂ’]@%‘ﬁﬂé:ﬂ 8 0.04 0.09 0.11 0.12 0.12 0.09
AXBE gq)Q‘7512E?’uﬁﬁ#ﬂgéﬁﬁ%}$‘Lﬁﬂ%% 32 0.06 0.11 014 0.15 0.15 0.14

TS << 3.0 B[R] 43 FF R ER R 45 5 R ik AT
) e 128 0.03 0.04 0.05 0.05 0.06 0.05

&1 A% 476 (L 700 4k B 0%) s 0 4 LA S Ak B, B
512 0.0l 0.0l 0.0l 0.0l 0.0l 0.00

7748 S 51 R A I 0K BE e R 0 AT R
2

F 2% T Epoch="5 I it XL P 4 18 A [7) 45
JICFR O 2 B 28 M 288 I /NRE AR 2 2] 5 . 2 X,
(B /NI ot 28 D0 2% (1) /N AR 2% 2 1 i I 25 406 i
RECSHEM B R ER . Flan, xF X=4,S

F2 WEMEEARFHRAYNERHEMEDIL
BERKIEE

Table 2 The maximum accuracy increment of con-

volutional neural network with different S

of bilinear interpolation

1.2 9 R 2 3.0 ] 5| i i a0K5 B2 e KM B 100

FHE 6% MRt FHRA XA (320 128) AT x S
B2 434 T S << 3.0 0 S 7] 50 34 5 P8 49 5 sl LN N B B
S 5 o AT V(0 (4 UL B B b Bt o LA e 8$ gi %i gﬁ %f gﬁ
SOPE R DA RS S BT A TS B K S ‘ SO
32 0.01 0.01 0.02 0.01 0.01 0.00
7T SE AR 22
128 0.00 0.01 001 —0.01 —0.01 —0.01

2.5 AREBEEENNIKITE

PEAG 475 1B 505 S ), 6 D 4 R P AR R A8 ¢ R (W b B ) Uk & AN — . B S Ar 0l 44 T 4548
A OUER M A E DL Be R = YR A (B 5 15 7E MINIST 1 USPS T 5 %07 B AR 4 v il /N BE A 27 35 I3 45
Ho MR T e R A R A R (ISR B X, = 32, B M A M4 CRLSSZR) Y X, = 4, SR 8k
Epoch ¥4 5. MW 50T LLA H - (1) X F W Rl 28 0 45 HE 48, MNIST Al USPS #5445 #5 HA7 ML Y
T 5 B U AR U B Ok v SR A T SR A 0 RS RS B A A 0 e M L (2) AR AN A AR L 3



R oA FATEARBEGDHAFBERFRAINTR 305

A6 B DT VR A D BEREAS (JL R N << 200) 1) o |

>
2 24 ) T 00 245 1 4 (3) ool — orignl
5 X 2 A A M R 0 5 40 A 1 L= 00 e — Bilinear
A 45 O T T 2 0 40 15 M7 ook s
MRS R L A B 00 R TR R it
XXM 3 0 57 o D0 1 26 Lo
B A0 (4) 2 UM 22 0 2 CAF L T 4 5 2 oel Oriinal
G4 BIA T BN BUR . B2 R 2 R Comvolutionsl — i
W 4 5 % U 0 20 M R ool I N
R I B RO AR R M .

R B, B BUR 10 2 5 6 5 4 L 2
5 O[] A (23 4F MINIST il USPS %048 48 1 I Hs B
W 26 L 4 34 o 28 ) 2% (4 i J52 A g J% o 2 K " I

- Fig.5 Test accuracy of different image interpolation algorithms
TR — B0 7 A T B 1800 B UINIST ad USPS ot sete

T R AR DREA 2 ) i R rp R B Oy

o U BV A R T PR RO B R R SRR, 4 3 8 T 4% DU R I BOHE B A B R AR M . R
A B0 0 A RS 4 o o 2 IR0 255 1) DU A BE B T 2 5 A B 2 IR 5% A D TR A5 2 ALY TR SR L i
4 B2 T R B2 5 R (3R 1) 5 %0 T 45 AR R 22 10 24 Pl 45 470 (i T4k BT E — 20 4 T IRUBIRS B2, G ek 4 4 T R
BEAX RN 2) .

3 HERIE

X TR JEE i 2 190 2% X A0 A ) SR MR [ AL, R SCR BRI T S T A (LA 4 T o 2 R 4 A
BR800 268 75 /NREAS 6 1) 5 B RO I 2 2D PR RE o A5 R SR W, UG (B A /NVRE A =7 o] wpoa] I 35 2 T
FEIRIPERE 5 BEAR SR80/ , B 1 B B T AT S0 o Pl 154 (L A T A BT 4 2 4 o 28 IO 4% R 45 B 22 IR0 4%
F14 52 W A BE AN [, A EE T IS0 Bt 4, %0 60 5 T )2 A 4R A M 2 T 2% PR {GUA i Tk B T 5| S A R
29709 1500 BOMEORS BE 32T o X T — 2 5 BUZ ME S TR 4218 162 B9 465 B 28 R0 255, P 5047 (i T Ak B8 T 5
AR R 2R 6 06 B DN IO BE 4R TT o i e A 4 T R B0 22 ST R A A2 B0 D R R Rk AR
B R G TE R W, MG T LA R T i 28 ) 26 A0 /INRE A 2 2 o (9 RRAE S IUCRE ) RN % 2 0% . T
UL YL | A A B RE T A (B TRTR A0 G0 B A o X T M [ S el 2 0 405 2 A B A PR AR B RS s
T AT YIRS B0 B F L B f I A 1 BE R 2 B Can sk AROUOB A ) e . DRt , e I A 4 ik 8 i ik
PSR R B & | H R AT 55 LA S I 45 20 S5 A7 O .

P A5 A i 2 TR AR0bR TR RS SR B 1) R A B 8 M O i g AR R 3 -5 M Ui ) A O it
EBE LD BRI FEEAE E R & T R A R (0 B AR T i k0 2 (0l 2 A B 22
P 265 ) (9 5 38 A I B B . PRIk T PR AR A9 SR AT AR W T TS RO IR BT 55 00T SRS B L A
INBEAS S o] R ORI o i AR A B B R At R B s T b o g3 A, 3 i A [ (B vk
(drg B8 U A A = A () AE 4R TH R e B R A P LA T AN R A R BOR GOR o x5 80y
WU B /N AR AR 2 oF 1 BB B4 A 0L 00 1K 295 2R B WD, S ] P4 30 5 A0SR X v 2 T 24 14 5 5 2 B8 AR AR 4
I WA A A D o AR At BRI /23 2R AT 55 (il BIL 3 46 45 R 3 5 1 M 224 55 iR L 2 Ff
KAMEY /3R A S B AR R S 8 L) BN AR S I R . TEHE— P RIS R AR
7 A0 R B HC A T UL R, BF 5 AN [ R 5 T i Xk AN [ TR IR 28 SR /N R A 2 o R R
{14 5 W]



306 W REBLE Jowrnal of Data Acquisition and Processing Vol. 37, No. 2, 2022

5% 3k -

[1] LECUNY, BENGIO Y, HINTON G. Deep learning[J]. Nature, 2015, 521(7553): 436-444.

[2] VOULODIMOS A, DOULAMIS N, DOULAMIS A, et al. Deep learning for computer vision: A briel review[J].
Computational Intelligence and Neuroscience, 2018, 2018: 7068349.

(3] ZEFN, Froedl, RIL, % G R AT FHLL S U b i i (] HSEHLA ST, 2019, 36(12): 3521-3564.
LI Guohe, QIAO Yinghan, WU Weijiang, et al. Review of deep learning and its application in computer vision[J]. Application
Research of Computers, 2019, 36(12): 3521-3564.

(4] HOWLAND P, WANG J, PARK H. Solving the small sample size problem in face recognition using generalized discriminant
analysis[J]. Pattern Recognition, 2005, 39(2): 277-287.

[5] SUNN, JI1Z, ZOU C, et al. Two-dimensional canonical correlation analysis and its application in small size face recognition
[J]. Neural Computing and Applications, 2010, 19(3): 377-382.

[6] ZHANG N, YANG J, QIAN J. Component-based global #NN classifier for small sample size problems[J]. Pattern
Recognition Letters, 2012, 33(13): 1689-1694.

[7] HUANG Z, PAN Z, LEI B. Transfer learning with deep convolutional neural network for SAR target classification with
limited labeled data[J]. Remote Sensing, 2017, 9(9): 907.

(8] kW, B, R, S T oGk BB SVD BB b R i /N S WU SRR D] TH LR 5 R, 2018, 40
(7): 1237-1243.
ZHANG Jianming, LIAO Tingting, WU Honglin, et al. A small sample face recognition algorithm based on improved faction-
al order singular value decomposition and collaborative representation classification[J]. Computer Engineering &. Science, 2018,
40(7): 1237-1243.

[9] WANG S, LI B, LIU Y, et al. Micro-expression recognition with small sample size by transferring long-term convolutional
neural network[J]. Neurocomputing, 2018, 312: 251-262.

[10] ZHU F, MA Z, LI G, et al. Image-text dual neural network with dicision strategy for small-sample image classification[J].
Neurocomputing, 2019, 328: 182-188.

[11] ROSTAMI M, KOLOURI S, EATON E, et al. Deep transfer learning for few-shot SAR image classification[J]. Remote
Sensing, 2019, 11(11): 1374.

(12] 23, sKFT, BEM VA, A5 . 30 H T /IVREAR I 00 1 B 00 37 B3k [T, 308l R 4 S A0 3, 2018, 33(3): 504-511.
LUO Xuan, ZHANG Li, XUE Yangtao, et al. Double adjacent graph-based discriminant analysis for small size sample[J].
Journal of Data Acquisition and Processing, 2018, 33(3): 504-511.

(131 TEML, BRWE, HRIK, 45 . 3T /MEAZE S 1Y SAR EFMZIRBI]. 3H5 AL | 2020, 47(5): 124-128.
WANG Hang, CHEN Xiao, TIAN Shengzhao, et al. SAR image recognition based on few-shot learning[J]. Computer Sci-
ence, 2020, 47(5): 124-128.

(14] BiA, BIRIE, VR, 5 . 454 A WE 25 20 R O BE 0 25 0 /NRE A N K 8 PRI, o [ R DB 2 41, 2020, 25(11):
2391-2403.
SHU Ying, MAO Longbiao, CHEN Si, et al. Self-supervised learing and generative adversarial network-based facial attribute
recognition with small sample size training[J]. Journal of Image and Graphics, 2020, 25(11): 2391-2403.

(151 LMk, B/, FEooat . AMEARZ B LRT] Bfk2E4i, 2021, 32(2): 349-369.
ZHAO Kailin, JIN Xiaolong, WANG Yuanzhuo. Survey on few-shot learning[J]. Journal of Software, 2021, 32(2): 349-369.

[16] LI X, CHANG D, MA Z, et al. Deep InterBoost networks for small-sample image classification[J]. Neurocomputing, 2021.
DOI: 10.1016/j.neucom.2020.06.135.

[17] LIU C, NAKASHIMA K, SAKO H, et al. Handwritten digit recognition: Benchmarking of state-of-art techniques[J]. Pattern
Recognition, 2003, 36(10): 2271-2285.

(18] e, THE &, NG IR G W 2% A BEA CRE R HAE T 5 87 0000 b i 57 T, Kol R 58 540 B, 2018, 33(2):

343-350.
HOU Yanlu, DING Shifei, SUN Tongfeng. Hybrid deep learing model C-RF and its application in handwritten numeral recog-



¥

[19]

[20]

&&

%R T BN N AT SR FRATE 307
nition[J]. Journal of Data Acquisition and Processing, 2018, 33(2): 343-350.
UM, K5 2T GE i s b 4 ik 19 F 5 B PUN B [T]. T30 TR 5 3t 2012, 33(4): 1533-1537.
SHUANG Xiaochuan, ZHANG Ke. Research of handwritten numeral recognition based on statistical and structure characteris-
tics[J]. Computer Engineering and Design, 2012, 33(4): 1533-1537.
BATCIR, SeAE . 22 ROBERENE AR 22 ) 28 AH 45 10 75 50733000 D] T 3pLAR 2%, 2013, 40(8): 316-318.
ZHAO Yuanging, WU Hua. Handwritten numeral recognition based on multi-scale features and neural network[J]. Computer
Science, 2013, 40(8): 316-318.
KULKARNI S, RAJENDRAN B. Spiking neural networks for handwritten digit recognition—Supervised learning and
network optimization[J]. Neural Networks, 2018, 103: 118-127.
SCHR, dBRAR, SRR L TR A B A 22 2R 1 T 5 BCT RO BE ST LT]. T RHLR I BE AT, 2020, 37(4): 1239~
1243.
ZENG Wenxian, MENG Qinglin, GUO Zhaokun. Research on handwritten digit recognition based on deep convolution self~
coded neural network[J]. Application Research of Computers, 2020, 37(4): 1239-1243.
fE v
R (1976-), 55 B+, WEE(1981-) 5 [, BB (1969, &, % &, w
G S5, WF 525 1 AL A YO FE 05 ) BER S Y G T AR BF 505 /2 358
WL 5 A T B L E-mail: NIRRT e LTSS
-

dxxsw@jsut.edu.cn,

YBRE (1979-)  BIE1ESH,
P Bz T
AN N TR,

E-mail:xuxiaojun@jsut.edu.

R (1987-) , BIE1EE,
P W BIBESE 0L B Y
I« N TR RE A 42 4 45

E-mail:xieliangxu@jsut.edu.

Cho (@1

(% #. T4#)



