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Research on the effect evaluation method of entertainment programs
based on expression recognition

TENG Weinan

(School of Computer Science, Xi’an Shiyou University, Xi'an 710065, China)

Abstract; The purpose of this study is to explore an evaluation method based on expression recognition for the effect of
entertainment programs. Firstly, according to the abundant expression image data in the Emotion—Domestic dataset, the improved
ResNet34 neural network was constructed and trained to classify facial expressions. Secondly, in order to make the algorithm have
the ability to process multi—face expressions, the multi-face expression image data was expanded into the dataset, and the OpenCV
classifier was introduced to automatically calibrate and crop as many face images as possible, output the expression classification of
each face, and map the expression classification results of each audience to the original multi —face photos, so as to intuitively
display the audience’s emotional response. Finally, a statistical method was introduced to quantify the distribution of each expression
in the picture as a percentage, which provided an objective index for the evaluation of the program effect.the method can be extended
to multiple points of the complete program for multi—point effect analysis, provides a new idea for the conception and production, and
has potential application prospects.
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Fig. 6 Data set example

3.2 HREANMEIEERTMAIER

AW LTk WBRAERSE N 64 i
Window10, Zb B #% Intel (R) Core (TM) i5-8300H,
B RAM 4 16.0GB ; B304 Python3.7 , TR i 24 5
HEZE pytorch2.0.1( GPU) , 454 pycharm2022,,

J T kP PR AR AR RE SR ] T IR
R TR A 5, LUK IR 5 1005 ) R A5 A
HEAT 100 4~ epoch BY Ik, batch_size ¥ & Ky 64, IF
i FINAAE SRS Adam AL g0, 24 2] SRUEE
2y 0.01 LUK 2 3>

ARSCR B FHUER R (Accuracy) VAR (Loss)
PEAGTRBR AT 3L T ResNet34 BRI 7 25 K150
TS5 HYPERE . X SEdE bR T LAY B ST 4 T 1 e
RITEA [l RS 5 b 153 S RE ) R AR BE .



148 s

i 2 S I I VA

14 3%

HERR F IR AR e R B4R L IR 22K
FEALL B, Fod W I BTPAL P AR 22—, vl DLad i
AN 305

IE# 7 RAIREA KL

Accuracy = S REA x 100 (6)

3.3 WHR

WP E ST Tl I 2k ResNet P48 AR A
X NG HEAT U 7328, LA DRAE SCR Y H b
VA5 15 4R A AR L L AR 14 i it 1) E Y, S8
BRBHNT .

(1) BHEHES . T # Emotion —Domestic 54 £
PIR LA I 7 SN T S SR 1o S L U
Pytorch [ torchvision. transforms 5 £ X & 4% 5 17
b PR (BLAELE T VA — A BE I 9R 55 ) |

(2) BEALF 2, #E ResNet34 5141 3 it i 7%
2] U 2k B9 BEE HEAT W AG AL 5 % ResNet -
50 (%2 50k 7, AVCEL 7 A IR,

(3) s I 2 B XA Y A7 1 2, 7 I 55
Hh RIS RE BN SR A T S AL i s 2
PR FNHERG A, 7 (85 T3 HT

(4) fdE R 9 T 2 PP A BB 1 PE B, 1157 90 iR 4R
ERHER R T T SRR AL RE ) AP RE

(5) BSEOIH R, AR 90 E 52 () R I, AR
RIREBSEL (e % fLat KN ) Dk — 255t
BRI PERE

(6) BRI, s FH I A % Fpe & S AU i AT
M, TR B AR R, LA T PP B A 7
SEBRIHI T PERE
34 ZWRERSW

T EOWL R U ZRa R g 22 ] h Sk B
JeE 7N G 4 00 4 4R A (0 28 A 1Y I Gk ) 48
(Loss) FIVERAE (Accuracy) , SEH 4 R ankl 7. 1K1 8
Jfi7R

0.90
0.85

£ 080

=
0.75 train_Accuracy
Val_Accuracy
0.70
0 20 40 60 80 100

epoch

7 Il BRES G I 5 M A B b

Fig. 7 Training set verifies set Accuracy curve

0.9
0.8
0.7
2 0.6
0.5
0.4
0.3
0.2

Lo:

train_Loss
val_Accuracy

0 20 40 60 80 100
epoch

B8 iR iE SRR ok #h 2%

Fig. 8 Training set verification set Loss curve

FH ] AT 1, ResNet34 /2% 7 )11 2k 100 4~ epoch
ZJE VNS FIG UE AR 1451 2% 35 B AR, I e ) v A
HRAGKBNT 2% 754
35 XRVEBTRAENRBERITENSH

e, A2 N H IR R A7 50R
P2 W LS Y NS R S i i B N |
AE 22 AR A EA T ARSI, i H 6 458 S AR G B
RO 45 58 e o B AT R AT RE 2 KRG H R
HE AN TR 25 2R i) 5k IR (AN &l 9 (181 10 iR ) L JF
HAEK 9 Hral LLE 2, BOBOM) i 218 o ol LAEAT 18
BHERY 7328

(a) JRLIA
class:netural prob:0.594 glass: netural prob:0.939  class:happy prob: 10

0
10 10
20 20 20
30 40 30
40 40
50
S 60 50
60 50
70 80
30 70

0 20 40 60 80 0 20 40 60 80

(b) T2t 2R

B9 Ffl1
Fig. 9 Example 1

BB 2 0 B b A% BT o5 0 o b, P AT
PLAATBCE BB 2 0 FVEE, o) T 175 28 155 1 %
TS AT BLSE Ry sad SIEBUESE . Al b i TE
EEE R, BE happy 1 surprise H 43 L 2Z AT K
T 50% , BT DY 201 19 Bk R R ORI TS, 2 A Al

0 10203040 50 60



5 8 1]

J A . TR B ST B AR D7 AT 149

R FER B 1 B R happy 218 T 5 EL R 33.
3%<50% , BV VFAE 125 sU1% 9 OB 2% 5 T AE /R 1) 2
B R H happy 2815 T 7 LB R 100% >50% , BRTE 2
R RCR L T (CnE 11)

(a) J5L[&
class:happy prob:1.0 class: happy prob:0.991  class:happy prob:0.925

0 0
20 20 20
40 40 40
60 60
80 60 80
100 80 100
120 100 120

140
0 20 40 60 80 100
(b) TR
B 10 Rfl2
Fig. 10 Example 2

0 20 40 60 80100 120 0 2040 60 80100120

100

Ideal Line Chart
Threshold at 50%
80
$ 60
2
5 40
s
20
0 2 4 6 8 10

Time/min
B EETERRTEE
Fig. 11 Line chart of ideal program effect

FERB 1o P RIS E R 66.7% , PR3
TE i b 33.33%; n 9] 2 P ARE A e S R
100% .,
3.6 FTHRREMTEHAR

RS AT TR T SO BB Rk
JTAR A FNE 4328 SRRV, 10 X T U fa) e 2 5 i
FEREAE R 22 AR, B R R T SR B R
SR, AR SCHR AR — g FHJEL B, % R 8 2R
VA ST B 1T = 5815 8 22 AR R I A 155 1 A
R AT H Bz s 1R R S A o Ll 7R

REAME TR A s AR T DL R (AT
T R it Ay st (), At R RO 4 b 38 o AR AR
BRGNS TR A A, LA R R E T R A S AR Y
53 FCEUE, (0] A il FRARSCR T AT H SR IT4R
Bl anE 11 fis, P ReiRE 7 7 Al ReAYTE
B I BE HACR | 4 1, JF Hik & [ 50%
AT AT 1 VBCRAFIR . W AR AR BAS A
FEITIE U 1R R S AR [ R, 53531
FEIEAR ] s AR B AR AT g 2 1 A 2
155028 S A 43 LU, (8 AT AR B S B AR AR 43 S 24
TR BRCRr &, S B e BARSOR T 977 H &k
AT E L, i 12 Fos,

100
80
% 60
0
2
:
g 40
W
20 Ideal Line Chart
Test Line Chart
Threshold at 50%
0 2 4 6 8 10

Time/min
E12 BEESMKTEEILE

Fig. 12 Ideal and test line chart comparison

3] EARITE G ASSCHRAE IR B, LIk
A A X1 B SRR T PPN

1) A Bk

8 3 0T b A T B PR A S s A 2k A A T AR
ZN i AR AT B Y 22 S RCR S A 1K B
.,

2) Z i Bk

WL G OB A R A T B )
FEANSERR 11 70 O RS R/ 45 A W 155 4 8 A i
BT U BIRCR , XA 22 /D6 1 R e A I8 B B
REBRIZCR, SRS LA B 155 740 18 A i AT B X 4 3
BUNE 12 FroR, FEBUCBOER T NS R AR
B A 4 AR R BRI B BUWAICR O HA 2
AN TR LB I8 BB R OR AR B 50% B
(S ] X P P R A 3 8 A A 15 1 A i A T
X R IR R

i LA B T7 kAR LAAS SCIF ST A B ORI
I SEAR B SCIRAT H AR B BORIT M, 5 T A
7 3E PR S A, RE S A B SO H AYROCR
AT A5



150 Boae i /oL 5 MM %14 %
Dropout: A simple way to prevent neural networks from
4 HFRIE _ . .
=R L= overfitting[ J]. Journal of Machine Learning Research, 2014, 15

FEABIFGE TP 1 1) B 32 A

(1) 4 NG E 2 324 4 A 000 T O R S 4 8 1y
I 5 T 2 BRANGE R A, 250 v e S 18 3 0
TS S A I B I s PR A 52 A7 SR B 3k — )
N S 1B S N v o T2 7
HAE IE TR IS B4 PR L, A, B ) RS A 4
5 Pt nl e Bt — A etk | AR s e 2 A 1 Il
THPERE

(2) A3 i #49 Emotion —Domestic ZHE £ B 9%
FEFAE UM ST ELA AP | (L B2 I RO Ak
175 AT B S5 SCIR Y H O I S PR SR A A 25 5, O
HEIRESCH 7 Fhil R 225, LR,
REFPRIGERAT Z IR, BN IF.O R HA R K
R NEEEAF Z R Sy P B ) T Y R
TR, FEI5 SRR gE T S T £ 530
R AH DGR BN |, LA S - M 335 1 52 B o, FH
g 0 RAF AT AN AR 4, AR R R R G
N R A (L

ARSCE AT X ResNet34 155 7 £ W Ak 22 15 15 31 3%
PPN LI T TR B AT A5 T B R A R TR
1155 ERYUERAZR -S4 OOLAR SN 45 5 T 1Y) S,
R, ST ZE R ] | ResNet34 575 7E WL Ak #6155
S5 T EAT BT A P RE , BE A v B il 4 U0 AR A
P A ST A R S IR B . ASIFGT 4R T — R SO
H ¥ R b S AR e R I AR A TR 11 S
%, M SCIR T B AR BT — o A A SO pIL
FEIG L5 W] LR S R BOR S T RE i 2
A AR T TR R I A SCIR AT B AU Y A
ST ARG 26 2, T 0 (R 6 SO B RO AT T
Wi

S 3k

[1] KRIZHEVSKY A, SUTSKEVER I, HINTON G E. ImageNet
classification with deep convolutional neural networks [ J ].
Communications of the ACM, 2017, 60(6) : 84-90.

[2] RUSSAKOVSKY O, DENG J, SU H, et al. ImageNet large scale
visual recognition challenge[ J]. International Journal of Computer
Vision, 2015, 115(3) : 211-252.

[3] NAIR V, HINTON G E. Rectified linear units improve restricted
boltzmann machines [ C ]//Proceedings of the 27" International
Conference on Machine Learning ( ICML - 10). IEEE, 2010;
807-814.

[4] SRIVASTAVA N, HINTON G, KRIZHEVSKY A, et al.

—

|

=

[
1

ll
ll

ot o

(1): 1929-1958.

[5] KRIZHEVSKY A, SUTSKEVER I, HINTON G E. ImageNet
classification with deep convolutional neural networks [ J ].
Communications of the ACM, 2017, 60(6) : 84-90.

[6] ZEILER M D, FERGUS R. Visualizing and understanding
convolutional networks [ C ]//Proceedings of Computer Vision —
ECCV 2014. 13™ European Conference.IEEE,2014 . 818-833.

[7] SIMONYAN K, ZISSERMAN A. Very deep convolutional
networks for large —scale image recognition [ J]. arXiv preprint
arXiv:1409.1556, 2014.

[8] SZEGEDY C, LIU W, JIA Y, et al. Going deeper with
convolutions [ C ]//Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. IEEE, 2015 1-9.

[9] GLOROT X, BENGIO Y. Understanding the difficulty of training
deep feedforward neural networks[ C]//Proceedings of the 13
International Conference on Artificial Intelligence and Statistics.
IEEE, 2010: 249-256.

[10] PASCANU R, MIKOLOV T, BENGIO Y. On the difficulty of
training recurrent neural networks [ C ]//Proceedings of
International Conference on Machine Learning. IEEE, 2013.
1310-1318.

[11THE K, ZHANG X, REN S, et al. Deep residual learning for
image recognition| C |//Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition.IEEE, 2016, 770-778.

[12]IOFFE S, SZEGEDY C. Batch normalization: Accelerating deep
network training by reducing internal covariate shift [ C ]//
Proceedings of International Conference on Machine Learning.
IEEE, 2015: 448-456.

[13] PAN S J, YANG Q. A survey on transfer learning [ J].
Transactions on Knowledge and Data Engineering, 2009, 22
(10) : 1345-1359.

[ 14] ERHAN D, COURVILLE A, BENGIO Y, et al. Why does
unsupervised pre—training help deep learning? [ C]//Proceedings
of the 13" International Conference on Artificial Intelligence and
Statistics. IEEE, 2010 201-208.

[15]ZAGORUYKO S, KOMODAKIS N. Wide residual networks[ J].
arXiv preprint arXiv:1605.07146, 2016.

[16] VIOLA P, JONES M. Rapid object detection using a boosted
cascade of simple features [ C ]//Proceedings of the 2001 IEEE
Computer Society Conference on Computer Vision and Pattern
Recognition. IEEE, 2001 . I-1.

[17 ] BISHOP C M, NASRABADI N M. Pattern Recognition and
Machine Learning[ M ]. New York: Springer, 2006.

[18]CHEN L C, PAPANDREOU G, KOKKINOS 1, et al. Deeplab:
Semantic image segmentation with deep convolutional nets, atrous
convolution, and fully connected CRFS [ J]. Transactions on
Pattern Analysis and Machine Intelligence, 2017, 40(4) . 834-
848.

[1I9]KINGMA D P, BA J. Adam: A method for stochastic
optimization[ J ]. arXiv preprint arXiv;1412.6980, 2014.

[20]BOTTOU L, CURTIS F E, NOCEDAL J. Optimization methods
for large—scale machine learning[ J]. SIAM Review, 2018, 60
(2):223-311.



