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Miner expression recognition based on improved principal
component analysis

DU Yun', ZHANG Lulu', PAN Tao*

(1. School of Electrical Engineering, Hebei University of Science and Technology, Shijiazhuang, Hebei 050018, China;
2.Shenhua Information Technology Company Limited, Beijing 100011, China)

Abstract: Aiming at the problem that the feature extraction of miners facial expressions is slower and the recognition accuracy
is not high for the traditional miner facial expression recognition method, based on the principal component analysis method,
Fishers linear discriminant method is used to improve the traditional principal component analysis method. Firstly., based on
the principal component analysis method, an inter-class discrete matrix is added to make the distance between the feature points
of different categories become larger after projection, and the distance between the feature points of the same category is more
compact, so that the result of feature extraction to the miners’ facial expression images is more representative and targeted.
Then, the radial basis network is used to map the low-dimensional and nonlinear separable miner’'s facial expression feature
matrix to the high-dimensional spatially separable class to realize the identification and classification of miners” facial expres-
sions. The experimental results show that the recognition rate of the miners facial expression reaches 89.0% , which is superior

to the traditional miners facial expression recognition algorithms. The method has a good application prospect in the fields of
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mine safety monitoring and fatigue driving.

Keywords: computer image processing; miner expression recognition; principal component analysis; Fisher linear discrimi-

nant; radial basis network
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Fig.1 Neural network model of radial basis function
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Fig.2 Part of the miner image

P 3 Al e Bk 0 5 A 0 Ak A B S A T T A e AR b AR S 43 T8 AR AE 18] A5 U B2
M. AT IR UE IR A 32 A3 43 B I A L T S R I A AR G B BORER x5k T S R R AT T
20 4E .60 4EF 100 ERTEM, EMLES RWE 4 iR,

4 , E 4 W m

- e
|

a
"™
a
o ?
> o | "=
- B
. -
""

C'*l' N
v b= 204 604 1004
B3 Zxak B4 HBREH
Fig.3 Face of main component Fig.4 Image reconstruction

1P 4 mT R S AR 60 HERT, B 22 RENEAR L HURE 67 T 130 17 4 Ak A ok B 285 hedt ) 3
3 BT 125 i HCA O R G T A 2 949 2 72 B 8 A7 8t R 4 T TR R AR B O, L 4R OB R EE A REOR
G A7 B TN 1 2 A A9 U

33 BEEHTHE A1 BARMSERA R R

)I% ééﬂﬂﬁ[l#_}ﬁ E@fﬂiﬁ%*ﬁﬁﬁ#ﬁﬁﬁ%ﬂi}ﬁ E@ [Z§| Tab.1 Relationshi'p.between dimensionality reduction
{5017 3 A 0 0 25 60 0 300 0 R0 i L M T nd recognition rate
ST T A0 60 L0 55 00 K A U AR R R
A4 W T B TR 46 5015 4 K 080 0 o Zj ﬁi ;X;
KAWL P, 68 0.885 8.916 6

HI 2 1 5200 4% 5L TN, 2 I A 2 TE 69 4E R o 0 G0l 2
Yot A T T S e M TR ) R R e . R 89.0% . Bifi 70 0.880 8.932 5
25 WA e 4 R TR LS00 T Ak 2 A TR T L 5 48 n 0.880 8.950 3
BT 2R 2 A BOE 69 248N X T T 30 22 0 A 5 73 0.875 8.982 7
%%%%E"J . 110 0.875 14.409 2
3.4 ZERHW

H T R 2 2 RO 69 2N 7 T 1T ¥ S 14 TR 531 20 8 SR e 0T g A4 4 B D 69 A 1 T T R A
I OUUR A5 R AT . T SR G A X %Ay R R R OF RITH Ak 4 28 ET T R R AR B R G AE R
Giitai Rk 2 .



%14 Fo 2 B T Y 3R S B T 2R A U 49

%2 mIamdAERANER

Tab.2 Miners facialexpression recognitionresult of experiment
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