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Authentication Technology via Stack Sparse Autoencoder and Micro-Motion Feature

YUAN Yanxin, SUN Li, ZHANG Qun
(Information and Navigation College, Air Force Engineering University, Xi’an 710077, China)

Abstract; Extracting micro-motion features from human radar echo data is a key to human target classifi-
cation. Aimed at the problem that the traditional spectrum structure is hard to realize the fine recognition
of similar body size, a method of human body identity authentication based on stack sparse autoencoder is
proposed. First of all, this paper constructs a stack-sparse self-encoder network, performs unsupervised
pre-training by using human micro-motion data, and extracts human micro-motion features at different lay-
ers. Then the paper inputs the features into the softmax classifier for supervised training, and adjusts the
network parameters by cross-validation. Finally, the paper uses the trained network for human target clas-
sification. The average recognition rate of 3 people on the measured data set of different people reaches
83%, and is better than that by the method of extracting spectral structure feature classification.
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Fig.1 Autoencoder structure

1.2 HERBHRERDR

2 BRRUZ 2 ou B H B 2 g T DL i 45 A S
Tt o 25 X 46 it o — 22 Al 14 BIR Ak 2% R ke 3 A
P v R RRAE o B I U AR ) G g 2 L AU R KR
WA 57 3535 2 Cp) A R 23 22 T0 AL T B
AR S BB sigmoid pR BT 2 i 4T 0. M B
FI 2 B i AT A= 200 R 8008 2 9 A 5 G 3P A

Q(p) =AD> KL, |l p (D
i=1

S A R BAE TR DKL (o || p) 814 o

EEAN 1AL o A IIMEAY 2 A2 BEYLAL B 2 [/
HXTAR

DKL (oo | ) =

i=1
D (g @&+ (1 — p)lg 1220 2)
Z;@gpv el =0

K en AEZ B ICHG 00 9 HARG BLAE s 00 NPT A
WIGRREATESS @ A FUZ 570 10 P 29 17 {6 & Ok
FRIZBUE R W R B R B0 A H Al 2L
W 2AMZERZESR . 4 o =p B KL (o | g =
0 I HBEH o0 5 o0 ZI6] 1 22 557 3 K100 328 7 384 K
i o fpe /AR B A 64T o, 5T 4R AT BEE /Y oo » A
11325 21 /0 265 1) A g S

HERHR B F 2 a2 th 2R 1 2 i o o B P
R AR GR R L 2 B R A E G
o+ HT— 2 S B AEAE O o — J= R 45 RO S A 18 2 2
Tk, MARIGEHE o I 1 2/ A b,
R Rk b W b (1 N AP EE LA



50 25 R LR R R CA B RO

2018 4

AEAE R —A i B B 2 A 00 g A 73 256 2 B4R
%%ﬂ—‘ R MERSME S FTLIAFE] 0 BYAFAERIR A, o IXBESR
e A SR YRR AIE e — e A LA 2.

1, /,:\f

h,

8

B2 HEMRHR oL B g 0 45 25 44 18
Fig. 2 Stack sparse autoencoder stricture
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Tab. 1 Students’ height and weight distribution

FHEGS BE/om BE/kg BK/em FK/em
1 178 74 106 69.5
2 170 62 102 65.0
3 170 75 98 68.0
4 184 75 112 73.0
5 175 65 104 68.0
6 172 60 100 68.0
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Fig.4 Radar echo time domain signal
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Fig. 6 Feature learning and classification process
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Tab.2 Comparison of different parameters autoencoder

recognition accuracy %
E21 p=0.1 0=0.2 0=0.3 0=0.4
A=0.5 63 66 71 74
A=1.0 65 73 79 71
A=1.5 53 77 72 67
A=2.0 71 67 62 65
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Tab.3 Comparison of different spectrum feature

recognition accuracy %
WKTr2LE ZLEHFES  Biksaim
IES H 9E JE1 491
NG S 52 43 53
3 N A 41 33 40
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Tab.4 Comparison of different feature recognition

accuracy %
1 B FRAE 2 B RIE 3 B RHAE
2 Nor P 68 72 80
3 NG PR 65 69 79
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Tab.5 Autoencoder of different feature recognition

accuracy 0
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Accuracy comparison under Gaussian noise
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