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Abstract

With the development of science and technology and the spread of information on the Internet,
people have a wider platform for learning and entertainment, and can learn about information
from all over the world through the Internet. People’s entertainment methods have also improved
tremendously compared to the past. When watching foreign games, viewers are often “face-blind”,
because they do not know the information of the players. Therefore, this paper is dedicated to
analyzing the face information of foreign celebrities to help people know more about the celebri-
ties they want to know more quickly. Face recognition technology plays a big role in many aspects
of people’s lives. There are also many methods used to study this technology. One of them is Con-
volutional Neural Networks (CNN), an important technology that is currently driving machine learn-
ing, which has also shown good results in image classification. When the data set is a small sample,
using pre-trained models for predictive analysis has better results and is an efficient recognition
method. This paper focuses on face recognition with the help of CNN and existing pre-trained models.
Data augmentation is achieved by random pairwise combinations of geometric transformation,
image blurring, and adjustment of brightness and contrast to expand the data set. The data en-
hancement eliminates the scale, position and viewpoint differences of sample data, satisfies the
translation invariance and scale invariance of the model, enhances the robustness of the training
model, and improves the recognition accuracy of the training model. In addition, the Batch Nor-
malization operation is added to the input layer so that the input of each neural network layer is
identically distributed to speed up the training and improve the learning rate, and the adaptive
ReLU and RMSProp algorithms are used to improve the convergence speed and reduce the error
rate. The final network model achieves an accuracy of 76.6%. In this paper, VGG16, VGG19 and
ResNet50 pre-training models are selected to fit the sample data. The best model of VGG19 was
obtained through a large number of trial parameters adjustment analysis, and achieved an accu-
racy of 89.4%.
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WA A2, B AR RHE AR BRI, NIRRT NN Bl 11235
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SEHL, BERANRBRA I, AT EAEGR[L] R TR KIS E 2], 2015 SR FEAR RS BT 2
SRR TR N — DAl BEIRF AT (3] 2018 4EFHAFRIE/NREABIE LRI 45 1F N CNN X
DASEIL N 25 SHU AL H 5 MBS S S IR il 1, 32t —FhAe R oy k. G5 R M, TE/bFE
KIEFFHAR BRI, %07 R Ae ik BT IR [4] . 2020 FEX V0 FH A2 SCERAIE 75 21 20 RS ARES H
— B AT U SR R 5] 2 PR L GBI 4 VGG16 545 FA M 4% (FCN) 45 A 75—t o B {5
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FE] 1 BB N 1R 23 2 FF AT LU IR 78 1R SC &

2. AREIRFI B9 XIER
2.1. ERHEMEREAES
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R MY N T BRE S, BEINERZ . DB EMR &R
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AMRFAER, AR R — R AR S IR U A B — FRFE, RN IE R B R Z LT, %
M FIHGRZIES, RERIEE S M T REER D T 5 B4R FAR e M A A2 . A 4
ERRRPAT TR B R AL

2.1.2. BIERH

PSR EURRIEAE T, KRB IBCR I E B — AR, XA KB R B R . iR
AN B B B2 A R N R A SR B0 R 805 s T DA & AR 2kt el B, AT
PR RLE T AR AR AL, WA BOE B %0 Rectified Linear Unit (ReLU)E&i %L, Sigmoid si%k. tanh &
B Softmax BRI,

ReLU BRI i WIBOE R A 2R s A A :

f (x) =max(0,x)

W BRI AE T 0 At A s B, ST 0. ReLU BRECAMNAE 0] 24 &K
FITEOL R B RIFRIMERE, IhAMZ R B0 S R B L AL S8 R b . 205k 7 SR F) IR Ak el T LA B 2 50
FRERITRCR . AR, ZRBAEM eI 28 HIL “B0T07 BIIEOL, A% e TR A -
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Figure 2. Residual learning unit
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AR AT B A A B4 python3.6, & /E TensorFlow2.0.0 V- & EA AL . A VRS 4L
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Figure 3. Some displayed samples
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Figure 4. Data enhancement
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IR BNZARUR 2y FAAY, B LA E R 2 S RN softmax BB R B EUE AT X
5451 2% (categorical_crossentropy loss)iki%i. A AR I 4G, ARSI, RS S
R 0 B 2 2] FRARAL S RMSProp 5.
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Figure 5. CNN model accuracy (left) and loss (right)
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Figure 6. CNN_1 model accuracy (left) and loss (right)
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Figure 8. VGG16 model accuracy (left) loss of value (right)
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Figure 9. VGG16_1 model accuracy (left) loss of value (right)
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Figure 10. VGG16_1 model confusion matrix
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Figure 11. Model 3 model accuracy (left) and loss value (right)

11. Model 3 R BUHEHH B () FIRL1E ()

WL 11 T RLE AR I 2R HE R ZRIA B 90%, JeiF R HER R IAF] 78.37%. TEHEAT 5 LD ER
Ja s BATFEREREAR AT, 5 VGG16 —3. WKL HJA M 4 NERR, FRIZRELZ FHR X 70 i

RIE

IS5 80 R, BREI 50 K F, IRBOE R GRS R, BRI (Model 4)25 3L 12 Fil

130

DOI: 10.12677/0rf.2023.133248

2483

&

S

>

3

ity

S


https://doi.org/10.12677/orf.2023.133248

model 4 accurancy model 4 loss

1.00 BT P O T 144 ® train_loss 4
4 A val loss . & ok
0.95 1.2 2 a g
A A AAa A
1.0 N aa at as
A 4 4 A A, A
0.90: s kN WP W
N a A 0.8 A st ‘A' A‘ AA A‘t‘ A
A A“t A ML a A A A Aa
0.85 A AAL A A*‘A‘ L at 4106 ‘\‘A‘“ e Wl
: Py A¥ Al ‘AA Ay, A, A
A\‘l: RS T a La ‘A 5 0.4
0.801 n“ AAa 4 a - 02
a ® train_acc | -
0.75_» svalace | | T
0 20 40 60 80 100 0 20 40 60 80 100

Figure 12. Model 4 model accuracy (left) and loss value (right)
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Figure 13. Model 4 model confusion matrix
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Figure 14. ResNet50 model accuracy (left) and loss value (right)
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Figure 15. ResNet50 model confusion matrix
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