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Deep feature extraction and classification recognition algorithm
based on weighting and dimension reduction

FENG Wei, WANG Yude, ZHANG Let
(School of Physics and Engineering, Qufu Normal University, Qufu 273165, China)

Abstract: In order to reduce the computational complexity of convolution neural network, improve the over-fitting
phenomenon in the process of feature extraction and solve the problem that the classic network model can not effectively deal with
large size images, deep feature extraction and classification recognition algorithm based on weighting and dimension reduction was
adopted. Based on recognition contribution rate of two features, the results of dimensionality reduction of principal component
analysis (PCA) and random projection ( RP) method were fused with weighted average, then the results were provided to
convolution neural network and the high-level features of image classification were extracted. Euclidean distance classifier was
used to classify the recognition objects. After theoretical analysis and experimental verification, the results show that the weight
ratio of PCA matrix and RP reduction matrix is 6:4, and the recognition rate is over 96% after the preprocess of data by weighting
and dimension reduction. This algorithm improves the accuracy effectively, makes large size pictures having good recognition
effect in deep learning network and improves the adaptability of network.
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Fig. 1 Process of forward propagation
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Fig.2 Design flow of module algorithm

B2 b x Fonim ARy i b 8dE , R ER
B e RS AR IE I

{X, = [ X, Xpen ] = [m - P(x),n - R(x)] (19)

m+n =1

LR (x) FP(x) 5353 RP Al PCA FF X B Y R 24
Z3 6] ,m 2k PCA FEAEFE MR R IMAL R KL, n 2 RP A HNAL
FH X o B Xop) 535010 RP L PCA BEEHE M INALS 1Y
FEAS, X D ARG 15 B AE 1RGSR 1) 6

3 BRIl

RS H A TSR A R A TR TR SR
MBS IR - (1) R R AR (12) 20~ (15) 3
B35 PCA ARSI R AR M P(X) 5 (2) I
PEE R B i R 0%, W (18) 3K, 7155153 3 b
PLBEFRAER I R(X) 5 (3) #5108 (19) sHEH IR (1)
R (2) R BT IR T2 BB 1 R LR X, m,



FA2E FHSH

O EH RS FEAER R R A S S 2 RPN R

669

n 352 PCA FELERE 4 A9 AR R BOM RP [ 4ERE R 1)
TASCZR B, B R TAL B4 SR A B 22 2% CNN
HREAT AL B, AR E LS 73 SRR 5 (4) I TBE B 70 2 1

TGS . Bk B AR AN 3 R

image
preprocessing
yprocess

PCA dimension reduction] |RP dimension reduction
L 1

] weighted feature fusionl

neural network input layer {

parameter
adjustment

convolution

l full connection ]

] distance classification ]

(recognition rate analysis )

Fig.3 Flow chart of classification recognition algorithm based on weighting

and dimension reduction
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Fig.4 Partial image of MIT face database
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Table 1  Determination of the dimension of eigenvalues

dimension 15 19 20 21 22 23 24 25 28 30

euclidean 89.9 88.9 89.9 94.4 94.4 94.4 92.9 94.4 94.3 93.9

cosine 90. 4 90.4 90. 4 94.4 94.9 94.4 93.9 93.9 94.5 96.4

correlation 86.9 90.4 88.9 92.4 94.6 92.4 92.9 92.9 94.3 94.9

mean 89.1 89.9 89.7 93.8 94.7 93.8 93.3 93.3 94.2 94.9
A% A R 4 BB O7% BORRAE A BRI S AT PR, %A A I (800 30,
% R PCA 5 RP {54 e (B4R Jy 30 x 115, %
o 94 ] 1 s HERf % i = BEIA F 96.4% . £F PCA 5 RP By
s k B IR BT A UL EE 4 0. 6:0. 4 T IR E R4
£ % ] g 17 SR FEE (RO B R B S 2 T
% ss F 1 PR, PRIE ARSI A e R 2P A
g s A P 453 53, 43 B 80N 2430 1 PG R 5 3
PO, AR (4 50R 30 B, IR 55 Rt 4 ) Bk

34
10 15 20 25 30 35 40
dimension number of eigen value

Fig.5 Relationship between the dimension of eigen value and recognition

rate
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Table 2 Structure determination of deep learning

network structure (res) 14 15 16 17 18 19 20 21 22
euclidean 87.94 88.44 87.94 93.97 92.46 89.45 88.94 85.43 74.87
cosine 87.44 88.94 88.94 96.48 92.96 89.45 89.95 85.93 75.88
correlation 88.44 88.44 88.94 94.97 93.47 90.45 89.95 85.93 75.88
mean 87.94 88.61 88.61 95.14 92.80 89.95 89.61 85.76 75.54
100 %
< o5 .(17,95.14) )
2 N I
] 8
;S: 90 s 92
R =
.gﬁ 85 :g 90
g > 88
g 80 51
2 86
7514 15 16 17 18 19 20 21 22> 84 -
number of network structures 2 34 5 6 7 8 9

Fig. 6  Relationship between number of network structure and recognition
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Table 3 Determination of feature

weight ratio of PCA
Fig. 7  Relationship between weight ratio of PCA and recognition rate
RS U0 B0 45 R W AF T B A TR ROCR
THGLR NG 3 PR FERFIEEN RO 30 TR
W28 2RO 17 JZ 00 25 18T A5 20 A I R AR AR AR 1
BN, 1& 8 A i, BEH PCA FEAEHM AT it
FOZEWRE I, P R B R B BT EE, R
PCA Hi[%F 5 RP FE4EH M4 Z L E IR R 6:4, YU R AETA
P, 153 96% L T,
fusion coefficient of PCA and RP

weight ratio 0.5:0.5 0.1:0.9 0.2:0.8 0.3:0.7 0.4:0.6 0.6:0.4 0.7:0.3 0.8:0.2 0.9:0.1
euclidean 85.43 87.44 93.79 94.47 94.47 93.97 94.47 92.96 92.46
cosine 86.43 86.93 92.96 94.47 94.47 96.48 95.48 94.97 94.47
correlation 84.42 86.43 92.96 94.47 94.47 94.97 94.97 94.47 93.97
mean 85.43 86.93 93.29 94.47 94.47 95.14 94.97 94.13 93.63
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Table 4  Comparison results of feature extraction method

method 1
86%

method 2
89%

method 3 method 4
93% 97%

BB A g R . 3k 4 v, AP Tk it
A ARFAIE B AL B E B SR I 5 T 3 A i MR
o RBER AT 582 UMEBARIZRER
288, )8 TAE G T s 3R BURAIE s ik 3 BRI TR
JEE P8 AR IURRAE , AEXF R RS A1 R, U3 350R
ANEE s AR SO FIr i T 8 I BCRRAE il 53 10 A Ak 3
KRSFE i 2 2R EZ 2 78RRz
IR ERIE B R A
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feature extraction method

recognition rate
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Table 5 Comparison results of distance method

. . euclidean cosine correlation
classification method R K K
distance distance distance
recognition rate 91.5% 93% 92%
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Fig.8 Some images of BiolD library

Fig.9 Some images of self-built library
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Table 6  Contrast results of three kinds of galleries

library name MIT library BioID library self-built library

recognition rate 97% 90% 93%
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