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Abstract

Objective: To establish an intelligent evaluation model for cancer pain facial expression recogni-
tion and intensity classification based on EfficientNet and evaluate the accuracy of the model. Me-
thods: The facial expressions of 72 volunteers in 6 different pain intensity states were collected,
deep convolutional neural network was designed and trained, and facial pain expressions were
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classified using feature level difference. On the basis of the original network, the following two op-
timizations were performed: 1) The activation function swish was changed to mish. 2) Replace the
mobile net module in the network with inception v4. Results: Compared with the original network,
the training loss of the optimized network decreases faster, and the classification accuracy of the
model for the test set is significantly improved. Conclusion: This method is accurate and effective
in pain expression recognition, and the score is significant.
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Figure 1. Pain assessment method: Faces Pain Scale-Revised (FPS-R)
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Figure 2. Model Scaling. (a) is a baseline network example: (b)~(d) are conventional scaling that only increases one dimen-
sion of network width, depth, or resolution (e) is our proposed compound scaling method that uniformly scales all three di-
mensions with a fixed ratio
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Figure 3. EfficientNet compared to other networks
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Table 1. The adult public pain database used in the study
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Figure 4. Procedure of network experiment for evaluating facial expression of cancer pain

Bl 4. R bR FiT i Mg StiiRig

2.1 EERERBEGEENRESTHAE

5, T EBCR R B SRINE 72 A 5 R AN [RA R 5 N N R o SRAR LA A S At
friE, B IEXTEEE AR, B 1.2 K. SAEEE CRITHET JOmERN REE, B0 ER-

DOI: 10.12677/acm.2023.1371672 11937 I IR = =23t e


https://doi.org/10.12677/acm.2023.1371672

[VIRAN

HEIHEAT 3 IR 6 AN EI AR SR L RS R R, fRL 8 SR, PR R IB D

BARMAFRAE: 1) PREREEANFR; 2) BEVRREHS Pt 3) Il 4) TEEH
o RZGRAT 1728 RIFIEE WA AR . BT B SR . EIE S SRR Y TE, R IR
PG % 2580 5K, KB HIHE LR 380 x 380 R & [, KR RGB =i@IERtuER, HiknBctt
1 W4 2o 35K IR v (R T A 2 A i 9 RE 28 1 3 S A R A 77 T 4 52 i o M N R ) AR B2 s i
HRAHA R 6 /08K, Y 0~10 (M TCHH B A L) o

Table 2. Distribution ratio of each pain intensity picture in the data set
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Figure 5. Topology of the mobile net module
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Figure 6. Commonly used activation functions

6. BRKEUEERE

23 24

25

DOI: 10.12677/acm.2023.1371672

11939

Wi PR = 73 Ji


https://doi.org/10.12677/acm.2023.1371672

[VIRAN

Filter Concat

1X3 1 X3
3X3 1X3 3X1 1X1
/ 1
1 X1 1X1 Pool X1
Base
Figure 7. Inception topology of the v4 module
[& 7. Inception v4 tEERAYHRFNE]
40 - —=—EfficientNet B4 train_loss
i ——s—EfficientNet B4 val loss

35 - —=—EfficientNet B4S train_loss

1 —— EfficientNet B4S val loss
304!

11
25 "

A “u
S204 7Y

15 u“

I
044 %

N

| h h\{—z A
5 - * =S _i‘;‘:‘:_‘“ TR

] B R S S St S
0 1 1 1 1 1 1

Epoch
Figure 8. Training loss curves for EfficientNet B4 and EfficientNet B4S networks
[ 8. EfficientNet B4 F EfficientNet B4S 4% Bl 2k 5 55 fh 2k (5]
Intel Corei 7 2.GHz90I CPU, MIDIA GeForce 1550 GPU 335 Tl %5

L4 8 s, #ow EfficientNet B4 1 EfficientNet B4S f1ill Zidii 2 (4 A8 Ak i 26 18], 7E4H[F] Epoch i,

Ja AR R TE R VN ZRA AR I R B UE 3 A S S S i, R T O R 26 4557 EfficientNet BAS
A LI A

3.2. {REMEEELEIE

B WL B G 3 TE AN IR 3 55 O A [R) A0 R (A0 THL 8 2 155 B AT AR RS M BB I IE , AR fry X &5
WK 9 fiom: MNRERIEHRE., BIREEZ%% 0~1 4r: 96.3%, 2~37r: 82.1%, 4 /3: 94.6%, 5~6 4):

DOI: 10.12677/acm.2023.1371672 11940

Wi PR = 73 Ji


https://doi.org/10.12677/acm.2023.1371672

VRN

98.7%, 7~8 4r: 99.7%, 9~10 73: 96.8%. _IR&EFUESE 1A 73 I8 B B e R A B sR H T
MRE, SLEE, WU T %0 IR A — e i E .

class: zero prob: 0.963 class: two prob: 0.821 class: four prob: 0.946 class: six prob: 0.987 class: eight prob: 0.997 class: ten prob: 0.968

Figure 9. EfficientNet B4S network model test results
9. EfficientNet B4S F4% IR AR 5 R

4. VHig

AR I B2 TN S BRI R N B R (FPS-R), B REESL T4 6 RS A 20 5 3 A
TR B, 4> G TUHR AL T BB ERY; fR 1614 EfficientNet B4 £ 37 [ R R I) 1 45 T 2% 75,
i EfficientNet B4 75 [R50 2 EIHERIRIRET T 7%. A5 SIS POR 215 IR 03R4 T 9o s, 16
IR JBE 4 S T ELAT 0 0 7 PR A 5o (L el TR K R AL . FRERTIA) . PR B RAESR.
3L DA A B TR A 2 B PR VR A AR S5 R 28, DRI AR SR 0E — 52 R PR 1) DUR IR # 2 5 1E
SRR IR, FL B R B T AP R s, SR BB R, BILRA X 2) K
TUAE 2~3 AM (R IERIZE N 82.1%, MR IMER G 15, 3) BUELRAE DT PR IS (0 AT BRI
TFREYERE, B BUREE M SR . J5 S 50 AT SRAE R 0 202 PR 0 BB 3 T P R s T A, O
REHEIHAM MR 2, DRI L SOGEh 05 S WP 2 2 W (AR BRA6 R, R IR 2 5] 238
IR T RN SRR M e, FETFRMIBIMIRME RS ML, T IRRES S PR MR
e I PP VAR 2, SCBRR  BE S B AL AR 1R

SE

[1] 5 PAHE LU B ERT FEH U (IARC) & A 2020 4 4 BR Rt B4 [Z].

[2] Williams, A.C. and Craig, K.D. (2016) Updating the Definition of Pain. Pain, 157, 2420-2423.
https://doi.org/10.1097/j.pain.0000000000000613

[3] Allen, J.O., Zebrack, B., Wittman, D., et al. (2014) Expanding the NCCN Guidelines for Distress Management: A
Model of Barriers to the Use of Coping Resources. Journal of Community and Supportive Oncology, 12, 271-277.
https://doi.org/10.12788/jcs0.0064

[4] JEIEFIRILTT IVE(2018 FERR) [J]. AR AHRE 22 2% &5, 2018, 23(10): 937-944.
[5] JAMiAE, 250, H15¢LE. SEAb TR IR 0 50 BEYR T R ST R [I]. & RHP R, 2023, 21(3): 311-315.

[6] Bray, F., Ferlay, J., Soerjomataram, I., et al. (2018) Global Cancer Statistics 2018: GLOBOCAN Estimates of Inci-
dence and Mortality Worldwide for 36 Cancers in 185 Countries. CA: A Cancer Journal for Clinicians, 68, 394-424.
https://doi.org/10.3322/caac.21492

[71 Ekman, P. and Friesen, W.V. (1978) Facial Action Coding System. Consulting Psychologists Press, Palo Alto.
https://doi.org/10.1037/t27734-000

[8] cPrkachin, K.M. and Solomon, P.E. (2008) The Structure, Reliability and Validity of Pain Expression: Evidence from
Patients with Shoulder Pain. Pain, 139, 267-274. https://doi.org/10.1016/j.pain.2008.04.010

[91 Wang, M. and Deng, W.H. (2021) Deep Face Recognition: A Survey. Neuro-Computing, 429, 215-244.
https://doi.org/10.1016/j.neucom.2020.10.081

[10] xIFg#a, FRUS K, D24 A REEESFERmESNEEBIRD]. HEVL TR SR, 2023, 45(5): 849-858.

DOI: 10.12677/acm.2023.1371672 11941 I IR = =23t e


https://doi.org/10.12677/acm.2023.1371672
https://doi.org/10.1097/j.pain.0000000000000613
https://doi.org/10.12788/jcso.0064
https://doi.org/10.3322/caac.21492
https://doi.org/10.1037/t27734-000
https://doi.org/10.1016/j.pain.2008.04.010
https://doi.org/10.1016/j.neucom.2020.10.081

[VIRAN

[11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

[22]

(23]

[24]

[25]

[26]

Mstivh. HF AR MG e b 2R AL 77 V0t 5 [D]: [ L8 50). 12 vEhKa%, 2021,
https://doi.org/10.27405/d.cnki.gxbdu.2021.002215

FRER. T IR 2 ST E N NOmERE R [D]: (ML 24478 3] Al M T K, 2021,
https://doi.org/10.27241/d.cnki.gnjgu.2021.002221

WAL, TR B 25 B 2 T B AR R R AT 7T [D]: [ 220 3]. dent: JbatRiER s, 2023,
https://doi.org/10.26945/d.cnki.gbjku.2023.000145

Tan, M.X. and Le, Q.V. (2019) EfficientNet: Rethinking Model Scaling for Convolutional Neural Networks. ArXiv,
abs/1905.11946.

He, K., Zhang, X., Ren, S. and Sun, J. (2016) Deep Residual Learning for Image Recognition. 2016 IEEE Conference
on Computer Vision and Pattern Recognition (CVPR), Las Vegas, 27-30 June 2016, 770-778.
https://doi.org/10.1109/CVPR.2016.90

Xie, S., Girshick, R., Dollar, P., Tu, Z. and He, K. (2017) Aggregated Residual Transformations for Deep Neural Net-
works. 2017 IEEE Conference on Computer Vision and Pattern Recognition (CVPR), Honolulu, 21-26 July 2017,
5987-5995. https://doi.org/10.1109/CVPR.2017.634

Hu, J., Shen, L. and Sun, G. (2018) Squeeze-and-Excitation Networks. 2018 IEEE/CVF Conference on Computer Vi-
sion and Pattern Recognition, Salt Lake City, 18-23 June 2018, 7132-7141. https://doi.org/10.1109/CVPR.2018.00745
Zoph, B., Vasudevan, V., Shlens, J. and Le, Q.V. (2018) Learning Transferable Architectures for Scalable Image Rec-
ognition. 2018 IEEE/CVF Conference on Computer Vision and Pattern Recognition, Salt Lake City, 18-23 June 2018,
8697-8710. https://doi.org/10.1109/CVPR.2018.00907

Huang, Y., Cheng, Y., Chen, D., Lee, H., Ngiam, J., Le, Q.V. and Chen, Z. (2018) Gpipe: Efficient Training of Giant
Neural Networks Using Pipeline Parallelism.

Lucey, P., Cohn, J.F., Prkachin, K.M., et al. (2011) Painful Data: The UNBC-Mc Master Shoulder Pain Expression
Archive Database. Proceedings of the 9th International Conference on Automatic Face & Gesture Recognition and
Workshops (FG), Santa Barbara, 21-25 March 2011, 57-64. https://doi.org/10.1109/FG.2011.5771462

Werner, P., Al-Hamadi, A., Niese, R., et al. (2013) Towards Pain Monitoring: Facial Expression, Head Pose, a New
Database, an Automatic System and Remaining Challenges. Proceedings of the British Machine Vision Conference
(BMVC), Bristol, 9-13 September 2013, 1-13.

Roy, S., Roy, C., Ethier-Majcher, C., et al. (2007) STOIC: A Database of Dynamic and Static Faces Expressing Highly
Recognizable Emotions. Journal of Vision, 7, 944. https://doi.org/10.1167/7.9.944

Li, X,, Lin, C,, Li, C., et al. (2020) Improving One-Shot Nas By Suppressing the Posterior Fading. Proceedings of the

IEEE/CVF Conference on Computer Vision and Pattern Recognition, Seattle, 13-19 June 2020, 13836-13845.
https://doi.org/10.1109/CVPR42600.2020.01385

FHEW, SR, S, S5 T CBAM YOLOVA-Mish FLIR X 25 A B guAs I 77 0], v i B 27 24 (1
SAFLEJR), 2023, 42(2): 245-252. https://doi.org/10.20056/.cnki.ZNMDZK.20230215

KN, ERAS, e, S 5 TR ST SN A Ik SO I G B P S HEWT[I]. YRR A, 2023,
39(2): 129-136+143.

PV, R S M RSB F[D]: (B4 #0830 Jbst: 605 TR a2, 2022.
https://doi.org/10.26926/d.cnki.gbfqu.2022.000090

DOI: 10.12677/acm.2023.1371672 11942 Il R 125 23k i


https://doi.org/10.12677/acm.2023.1371672
https://doi.org/10.27405/d.cnki.gxbdu.2021.002215
https://doi.org/10.27241/d.cnki.gnjgu.2021.002221
https://doi.org/10.26945/d.cnki.gbjku.2023.000145
https://doi.org/10.1109/CVPR.2016.90
https://doi.org/10.1109/CVPR.2017.634
https://doi.org/10.1109/CVPR.2018.00745
https://doi.org/10.1109/CVPR.2018.00907
https://doi.org/10.1109/FG.2011.5771462
https://doi.org/10.1167/7.9.944
https://doi.org/10.1109/CVPR42600.2020.01385
https://doi.org/10.20056/j.cnki.ZNMDZK.20230215
https://doi.org/10.26926/d.cnki.gbfgu.2022.000090

	基于EfficientNet的癌痛面部表情评估方法的研究
	摘  要
	关键词
	Study on Facial Expression Evaluation of Cancer Pain Based on EfficientNet
	Abstract
	Keywords
	1. 引言
	2. 研究方法
	2.1. 面部疼痛表情图像数据的采集与预处理
	2.2. EfficientNet网络模型构建与优化
	2.2.1. EfficientNet模型
	2.2.2. EfficientNet优化


	3. 结果
	3.1. 实验结果
	3.2. 模型性能验证

	4. 讨论
	参考文献

