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Abstract

With the advent of the era of big data and artificial intelligence, face recognition has become a very
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important research field. In this work, the input object is a picture of a face. We can treat each pic-
ture as a multi-dimensional vector. The components of this vector represent the pixel value some-
where in the picture, so what we have to deal with will be the dimensionality, up to tens of thou-
sands or even hundreds of thousands of dimensional vectors, which means a large number of cal-
culations. Even though the computer performance is very powerful now, what we have to deal
with is generally a relatively large-scale face database. If we analyze the face dataset untreated, it
will inevitably lead to a waste of time and resources. This paper implements face recognition based
on Principal Component Analysis (PCA) and Support Vector Machine (SVM). The PCA algorithm
can simplify high-dimensional data into low-dimensional problems. It is simple, fast, and the prin-
cipal components are orthogonal with each other, which eliminates the influence of the original
data among variable components. The face recognition technology based on the PCA algorithm can
remove noises caused by lighting, posture, and cover. The SVM method using the kernel function
has a good classification effect for nonlinear problems. The algorithm combines PCA and SVM me-
thods, based on the ORL face database, first performs PCA dimensionality reduction and feature
extraction on the training data, and then inputs the reduction data into the SVM using the Gaussian
kernel function for training, and finally inputs the test data into the trained model to test the ac-
curacy of the model. Experiments indicate that the algorithm has a high recognition rate.
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& 20 {42 90 FEAX Vapnik S545E T —FloB FIALES 5 2] ik —— R = AL[2] (Support Vector Ma-
chine, SVM). CRFAIEHL(SVM)ZE —Fh3E T Guit-27 > B8 IR FH 28544 ARG /NP SR DU R WL 28 2 21 7 32,
BRI MR A T, B R AR SR E R R, IR IR S AR . AL TR
GINLES = 2075, EREIR I s IRARZRPE . IMEAS . AR, SVM #) V2 B THLES 2% 2]
(19 3 A0 a1 A 1) R s iR [3] A5 S AR [4]. BRECUA . TS BT [5]. #bs 7 REE4IR. SVM ik
IR EAEYF[6], EME BT FAS B8] %R .

BEE N LEREH AR KR, ANREMBEARWARR TArfrRGRGE. Bif, AREDIHEARCE 2
BT 2B 4mh. BRSAENL T12ERS. Ghil. WM 50h0]. AR IRE ARSI T L
fAREAIE 1) 75 % (Geometrical Features Based, GFB). Jm &1k 4 #1 77 7%(Local Face Analysis, LFA). ET-2175
BEREAR T ) J5 22 (Dynamic Link Architecture, DLA). #1148 W 2% 535 (Convolutional Neural Networks,
CNN)A=E B 4343 #7 (Principal Component Analysis, PCA) 512 .
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Figure 1. Face decentralization
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Figure 2. Grayscale image of eigenface
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Table 1. Results of data dimensionality reduction

=1 BERERNLGR

sl 0.656968 0.695698 0.967977 0.478459 0.602719
s2 0.877324 0.670609 0.470037 0.264878 1

s3 0.833119 0.621005 0.777907 0.518892 0.664302
s4 0.899552 0.717222 0.534585 0 0.487597
s5 0.963199 0.680347 0.600285 0.10652 0.523953

PCA [4t), FAVETTLAFE] OO B AR AL RIS AE R, JRAPHE Z FRNRHIE
WA 3 Fos. B, WA R 25l S HTRRAE GRS 25 rhoe A B AR A AR ZE A3 ]
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Table 2. Comparison of predicted labels and true labels
2. MR E SEARZE XL

o 1 1 2 2 3 3 4 4 5 5
HAR 1 1 2 2 3 3 4 4 5 5
T 6 6 7 7 8 8 9 9 10 8
LS 6 6 7 7 8 8 9 9 10 10
gt 11 11 12 12 13 13 14 14 15 15
HAE 11 11 12 12 13 13 14 14 15 15
o 16 16 17 17 18 18 11 19 20 20
AL 16 16 17 17 18 18 19 19 20 20
T 21 21 22 22 23 23 24 24 25 25
LR 21 21 22 22 23 23 24 24 25 25
T 26 26 27 27 37 28 29 29 30 30
HR 26 26 27 27 28 28 29 29 30 30
T 31 31 32 32 33 33 34 34 35 35
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AL 31 31 32 32 33 33 34 34 35 35
T 36 36 37 37 38 38 39 39 40 40
HL 36 36 37 37 38 38 39 39 40 40
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Figure 4. Mispredictions
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