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[ Abstract] Most of existing classification methods for image sets are costly, having high computational complexity and
poor timeliness.‘To address the problem , this paper proposes an improved image reconstruction and recognition algorithm.
The algorithm uses the Linear Regression Classification ( LRC ) and Share Nearest Neighbor ( SNN ) subspace
classification theory for image reconstruction and classification. The high-dimensional space built by image subsampling is
taken as subspace to avoid the training process with high computational complexity. Then, subspace of different categories
of image sets is used to implement regression model estimation for test images. For images in the test set of regression
model reconstruction, their categories are determined by using the weighted voting strategy to estimate the test set under
the principle that the errors between reconstructed images and original images should be minimized. Experimental results
on UCSD/Honda, CMU, ETH-8 and YouTube datasets show that under low-resolution sampling conditions, compared
with the ADNT algorithm, the proposed-algorithm increases the average classification accuracy by 3. 6% ,computational
efficiency by 10 times,and shortens the fastest response time to 2. 8 ms.

[ Key words] image set classification; LRC-SNN regression model; error minimization; weighted voting strategy ;
classification accuracy ; computational speed
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Fig.1 Structure of the proposed algorithm
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Table 1 Average classification accuracy and standard deviation

of CMU-MoBo human body recognition dataset by
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Table 2 Average classification accuracy and standard deviation

of YouTube dataset by various algorithms
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Table 3 Average classification accuracy and standard deviation
of UCSD/Honda dataset by various algorithms
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Fig.4 ETH-8 dataset

F4 ZBMEEI ETHS HIEENTEHSLXBEMIREE
Table 4 Average classification accuracy and standard deviation
of ETH-8 dataset by various algorithms

Bk SrRHEIE S bR 2
TIS 75.50 +4.83
Dpccle! 91.75 +3.75
MMD !/ 77.50 £5.00
MDA'8] 77.25 +5.46

AHISD!! 78.75 +5.30
CHISD!! 79.53 +5.30

GEDA 79.50 +5.24
SANP 77.75 £7.31

CDL 77.75 +4.16

RNP 81.00 £3.16
MSSRC 90.50 +3.07
SSDML 81.00 +6.58
DLRC 95.11 +4.22
PLRC 96.30 £3.25
ADNT 98.12 +1.69

A 97.75 +4.32

4.5 BOBRFHTHIRER

AT B = SR 4 PR AR k47 52 8, ik — A 3F Al
AR S ADNT Bk ptkae. SLRidtE S 4.4 7%
HATF], % F ADNT 59k, >R FI SCHR [ 24 ] A IR] (9 =
BE . SR E A 10 U, A3 R Rl HIL I A TR 1) i)
ALK R . RS AT 2 MRE RT3 2K
REEEMbR 22 . RS ATRLAE X T CMU 4
8, M EUG o PE A BEARINE A SCH 15 14 70 SRS B2 AT K
AP 4ETE. X F UCSD/Honda % 5, 5 |51 71 #t
AREFEARI A SCH L 19 70 2R B B AR LA, X T
ETH-8 ¥4l 46, K115 3 #3020 x 20 I, A SCHE
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HA SO M 1 3 RRS E A 32 B R 53 b,
Xt o BER BRI H bR BB AR SCRE 9 1R fE B R
LT ADNT 583, X 3% WA SCHE 0% 08 3 ] 118 20
R 5

RS 2HEEZNRIBXERNFHSXBEMRES

Table 5 Average classification accuracy and standard
deviation of two algorithms for low resolution
images

LT
S GE iR

ADNT &% 97.92+0.73 91.81 +2.40 90.56 +£3.13

oMy AEH 98.33+1.27 98.75+1.38 99.31+1.18

UCSD,/ ADNT % 100.00 +0.00 100.00 +0.00 99.74 +0.81
Honda A%k 100.00 £0.00 100.00 +0.00 100.00 +0.00

ADNT %4 98.12+1.69 88.75£6.26 90.25 +4.63
AR

ETH-8
94.75 £4.32 95.50 +4.04 92.75+6.39

5 HEKESH

PL ETH-8 #4642 o S 50 % 42, % i A 3 257 1%
ot 4 b 09 TF 5wk e 2 A7 K, 26 R S CPU
RAM Z 5T 4 53005 BT it 59 YILZ5 i 18] 0 4 A 18] 1R ok
793 28 v it 19 I 45X I (8] 1O B B0 25 38, o, NR KoK
ANt BN DR Al LUA H 5 Ak H E, 7 3
BLW BT RCR G, X EE IR

1) AR SCR AT ZAE I 25

2) B ARV SRR R A P A JE PR A5 5 g
B P RO R T E A B R T Rk
FOHE M 2 7 1, AT AR OOk 1 2 R A T O Ak

R6 FRERHITERES LM ITHEME KR

Table 6 Calculation time comparison of different algorithms

in image set classification s

Bk SR Gy b 1) A AR A 1 I 3 R 1)
TIS NR 0:0450
DCC 13.26 0.311 0
MMD NR 8.430 0
MDA 1.22 0.005 0
AHISD NR 0.095 0
CHISD NR 0.213 0
GEDA 2.70 0.068 0
SANP NR 105.700 0
CDL 76.21 1.400 0
RNP NR 0.027 0
MSSRC NR 4.780 0
SSDML 21.92 0.577 0
ADNT 278.80 0.026 0
A (R NR 0.004 6
AR SO () NR 0.002 8
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K& RE423E 7 T DLRC B3k fl PLRC Bk X £ 2 2
KA

1) ASCHE P 5 DLRC 535 H PLRC ik HA
F 225 . DLRC By 6 UI 25 A i ik 145 48 A o 4
25 (8] i 25 [a], ) s P 45 46 RN 25 (6145 46 TR) 9
B ke i MK EG AE I 2600 . A T E TSl 2
) () #EE5, DLRC 33 Al FH & A B E 1Y i e — IR
P8 LI K 1] 5 Vel 4% A i 3k 11 45 482 T 1 A4 Ak ke K g
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HAK B BIAR AR 0 & 5 — W EE, T2 R 3
1 S UL B A 26 7 25 18] A AE AH 56 7 25 [ A A& 1A T ]
%452, DLRC HI PLRC % 3% 195 %0 32t 44 56
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X2 o B A K D TR A5 S A Sl I, A DU
T (8] 25 5 & A B e Bk ) L0 0 A, 3 2 ARk
X8 o B 48 38 SR T LBP F§4iE . A b, DLRC &
A PLRC 5835k H 54 TR IR B0 i M g A B
A E

2) 5 DLRC #l PLRC B AN [] , 7% SC 5506 5% U
MG 1 24 TS h 37 6 8, 906 2B 1F = 4
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