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[ Abstract] Since the information security risks of smart grid are large at present, we propose a palm print recognition model based
on CNN, such as AlexNet, ResNet, etc. By integrating it with smart grid, we can improve and solve many security problems of
information system of smart grid. Biometrics is considered to be a powerful and effective monitoring and security application
technology. Representative biometrics, including palmprint, fingerprint, iris, etc., not only contain effective and stable features, but
also contain rich texture features, which have attracted a lot of attention. Due to its low cost, user—friendly and robust properties,
palmprint recognition has been gradually applied to many civilian applications. Deep learning is considered as a breakthrough in the
field of computer vision and has been successfully applied in many fields including biometric recognition. Palmprint recognition is
accepted with high acceptability. In this study, deep learning method and convolutional neural network are introduced into palmprint
recognition and Hausdorft distance is used to match feature vectors, so as to obtain better recognition effect. Experimental results
show that, compared with the traditional recognition methods ( such as PCA and LBP), the recognition rate of palmprint based on
convolutional neural network is higher.
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Fig. 1 The process of convolution and sub—sampling
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Fig. 2 The AlexNet architecture for palmprint feature extraction
3 EQLf
3.1 Z4UR5

RGOS IERCR AR LA 3,

WIEES

Preprocess Preprocess
Graycale Graycale
Cropping Cropping
Resize Resize

Normalization Normalization

Learning CNN Identification CNN
Feature Learning Feature Learning
Convolution Convolution

Data .
Pooling based Pooling
Resize Identification

Normalization Backpropagation

B3 REGEELEARILEREE
Fig. 3 System palmprint recognition matching flow chart
ffi 1 Hausdorff B B JF 17 % 4r UG @it |
mm®ﬂﬁﬁ%@%m%ﬁ5ﬁﬁ&ﬁﬁ%ﬁz
B RIE R, WS A BI4ES B 1Y hausdorff FE
B — R AE R BUE 3L
H(A,B) = max{min{d(a,b) |}. (3)
Hrb, a MLb 055 AT BHIKL, d(a,b) J2
XL R 2 ) AR B H(ALB) — DR AE PR
B, AT AL, B d(a,b) 1EH a Rl b Z[H] BIER
JUHL R R
T B B A, Hausdorff F 85 247 0] A9 (AT
PABERARIFRA) , EWRE RZEHL T h(A,B) A
Z5F h(B,A), Hausdorff I B ) —&E X .
H(A,B) = max{h(A,B) ,h(B,A) }. (4)
NR(AEXT A F B ZIA ) Hausdorff FH &,
N3 IEHT A B B 19 Hausdorff B5 B (HWFR B E
5] Hausdorff 8585) . FEEJ h(A,B) Hl h(B,A) A}
BFR A A B B BYIE [ A1 1) B9 Hausdorff #5255

3.2 BYUEM

HLE LR TE F SRS o i A — R
Zatf — A HEIE R 0 E S A B R, BE T CNN
AT EETENS G A P AT RAFRYR I, 200 1 —FhJk
T AlexNet (R REEHIHELERL CNN 280, 7RiZ
ey, A S 40(b, ,b,) b, F1 b, AR E ROI
(BTG IX IR 1y L s, TEREFI R

LT A AT BRI e b AT R % 5] B
KT A WM&, 1L 2 48 A E
fmmaﬁ@ﬁﬁﬁW% JA R 53 FAEAR DG S8
(b,,b,,b,,b,) . XEESHHTELEBE, $RPE
4 ROI,

FE o EAZHM b (0) b7 (0) b, (o),

b (o) VEN ML 5 R, E X C(w) , A BB
(5):
am—%ZH%—%WHH%—%wM)+
Y b, =) [+ 1by, = b (@) ],
(5)

3.3 4SFCEFRS
— HFE AT TR RS R | st S AR I A% 5% AH
JFEE RO G B 0 8 ok B B R AIE 24T NCC (13— 1k

HAHRDCEL ) 4335,
Cos_sim(G,,G,) = G, (6)
R A A
i L
Euc_dist(G,,G,) =./(G, - G,) (G, —G,)".

(7)
FERX EARR TR fEXZ A, 5 E A
DCFC A4 (T il R B A A o B F 2M B
%%—ﬁﬁﬁxﬁﬁﬁﬂuﬁﬁéum?%%&
Ko P HRE QA HAR T HTFRA 5 F
I3 S/ N B B RAE IR 53 BRI AR 63‘%5(
AR SCASE FI AR (WSum ) 5380, B B E S
dysum = Z iwd,, (8)
1 |
WRL'/Z j=1 ER] (9)
K (8) 1w, N d, U, n JEFFAE A EEL, X
(9) hEEREIRA (EER) RVA#E SIE , R IE 45
(FRR) %5 TR 823 (FAR) , )N 9 FAR 5 FRR 1t
(AR AERRAR . — Bk U, SR S 8L £ B
fiE, ROI$EMUS 255 Z 275 I RZ MR, B2 A R

w, =



5 6 1]

PRITIE, 45, 2T CNN ZEL0R B ARZER 2 M 5 AR5 95

AESRIBOMIVEFC PRk, >R TRt A ASAS 444 5 B33 0k
R SUE AT AR GO 8 5 0k 1) PR (DX
TR PR B B XE DL 5 B2, o S UL 4t
FRASERYT 3 558 SR A IS AR AN e, A0 A AR 1 5 55
WA B SO SR R BT T —E B E AR TS B
v R DX R 14 1% 3R 8 s RV R DX P45 38 e
QL 1k B Rd BERE 5, IR R 2k ) B e
UMD SR e R BORRSEAS) 384 56 591, T BT 1) SR T o K0
e

3 X,

i 2 ij
_sltan(4<L_1)), 0<X, <X

P, =

Yy

- )

2

7TXL-j
1:1 - S, (1 —tan(m)) ,XT SXij <sL-1
(10)

X,
5, = d , (11)

Xy
(L - 1)tan2(4<L - 1))

L-1-X,
$, = . (12)

(L-1) (1 -tan ad) )
4(L-1)

T RIS JE e Ay g, (1), (12)
I s, sy, Xy SRR ORI 0] J5 221K A3 A9 2K 1]
A T LA P 1573 AR R AR e R DX 3 44
6}0

FEER R AR WL 4,

\m/\r@ﬁa:—-—f BUALSL (— SR — e I

M4 BLRRMRR
Fig. 4 Palmprint recognition process
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