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Research on pain diagnosis model based on spatiotemporal distribution of
facial feature point clouds
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Abstract; Pain is a complex physiological phenomenon, and accurate estimation of pain intensity is crucial in clinical treatment.
Facial expressions contain rich information related to pain, and changes in facial expressions can effectively indicate pain intensity.
Based on this, this paper proposes a deep learning model for pain diagnosis using facial video samples. Firstly, the facial feature point
extraction model is utilized to construct a three—dimensional point set of facial feature points across time scales. This three—dimensional
point set data is then normalized. The point cloud classification model is subsequently used to extract feature vectors from the
normalized spatiotemporal information of the facial feature points, which are then classified to achieve binary classification of pain
recognition and five—level classification of pain intensity. The proposed model is trained and tested on the BioVid Heat Pain dataset,
achieving an accuracy of 84. 98% in the binary pain recognition task and 37. 65% in the five —level classification task, both
outperforming existing models. Notably, the model demonstrates a high precision of 72% in recognizing level four pain. The results
indicate that the proposed pain diagnosis model based on spatiotemporal distribution of facial feature point clouds has potential
application value.
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Fig. 1 Frame diagram of pain recognition
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Fig. 3 Facial pain landmark selection strategy
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Fig. 4 Point cloud model of facial features
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Fig. 6 Structure of the model used to extract feature vectors
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Table 2  Binary classification results are compared with other

advanced models

Model/ Classifier Modality Level  Accuracy/ %
Chance Video/RGB 2 50. 00
RFc with FAD[? Video/RGB 2 65. 80
MobileNetv2[2] Video/RGB 2 65.50
CNN+LSTM Layer:?*! ECG 2 76. 68
CNN+LSTM Layer:?*! EDA 2 92.86
CNN+LSTM Layer 2 EDA&ECG 2 97.27

AL Video 2 84.98

R3 AHXREBLERSHMEHBERILLER

Table 3 Five—class classification results are compared with other

advanced models

Model/ Classifier Modality Level  Accuracy/ %
Chance Video/RGB 5 20. 00
ResNet 181212020 Video/RGB 5 36. 60
svM 12017 Video/RGB 5 27.30
FAD—RF!*) 2017 Video/RGB 5 30. 80
SLSTM'?") 2019 Video/RGB 5 29.70
SAFEPA[%12023 Video/RGB 5 33.28
DDCAE!*'2021 EDA .EMG ECG 5 35.44
AR Video 5 37.65

M 2 ATLUE H AR SCHE H 55 80 76 5 1
() AT 55 R 5, 0TS¢k [ 23 ] T
78 RFe with FAD #E BT MobileNetV2 #5781 1=
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SYFERERY SR, AR SCHY PSRRI 4 AR 7E o
R AL T EDA HBLS LI LT EDA F1 ECG
RSP PUN A3 B n] UL R T A A
AR R A SR R O AT LA R L
T 208 A A BRAE 5 9 45 6 1T B S R Tl AT 1Y)
PIRIIN T %

FEPIFR U Lo AT 55 v AR SCT 3 H AR AR T
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i,

4 HRIE

HRYEPI 5 ARG IERNCR A T
— TR A TS AT A TR AR A = (TR 12
WP TR 2 AR Sl sk o) YA T P LA 1 23
P4 TR AE SR PP G A Ry — 4 S R B, i %
FHO) =4k 55 = o BRE AT R AR SR BRURN 43288, S 81
X PCTR BE I VPAL o A AR T IS W T A A
(2, I TR R X S 3 B M R A R
b R R Y e T R PR AT L RS AR AL Bl i
2 AR BT SZ N AR W | SRy A A AN DR A 2
BET B i, A SCREEAUTE BioVid Heat
Pain 08545 L N2 5005, 78208 01— Sk
A QT or R AT 55 vh o IR T 84, 98% Al
37. 65% HIHERR B

S AW FEAEYIR S W 7 T S T — 8 L
R E— S R BRYE . 528, B S n Z AR
FUBA IR AR AT DA% g | A TE Z R 28 T K
BB B 4L | LA SR EAS AL (132 AL e 1 HOR, AR SC
B EC ) TR ARAIE A5 AT BB A Ry 0, 4% 3 43 AR A1 a5 %)
TP B0 S R B B A ik — 20, AT DA Tt AL
(2 , 38 3 1 B R i e £ 2 i AR I A — 8 A
DA AT HIIZ WA . AR AT LA SRS A HoAth A= 21
BT (A v B AR ) E AT 2 RS R G AT
LS4 5 4 i AR T ) 5 DA 45

£ 3Lk

[1] ZELTZER L K, BARR R G, MCGRATH P A, et al. Pediatric

pain: Interacting behavioral and physical factors. [ J]. Pediatrics,



it 5

aod
[Ny

152 =

L5 8 A

ERRES

1992, 90(5 Pt 2) . 816-821.

[2] STEIMAN 1. Weiner’ s pain management: A practical guide for
clinicians[ J]. Journal of the Canadian Chiropractic Association,
2006, 50(4) . 289.

[3] SEYEDALI K. Guyton and Hall : Textbook of medical physiology
[J]. Surgical Neurology 1,2017,8(1) :275.

[4] WERNER P, Al -HAMADI A, LIMBRECHT E K, et al.
Automatic pain assessment with facial activity descriptors [ J].
IEEE Transactions on Affective Computing, 2017, 8(3) . 286—
299.

[5] WERNER P, LOPEZ M D, WALTER S, et al. Automatic
recognition methods supporting pain assessment; A survey [ J].
IEEE Transactions on Affective Computing, 2022,13 (1) :530-
552. DOI.10. 1109/TAFFC. 2019. 2946774

[6] PRKACHIN K M. The consistency of facial expressions of pain:
A comparison across modalities[ J]. Pain, 1992, 51(3). 297-
306.

[7] KARTYNNIK Y, ABLAVATSIK A, GRISHCHENKO I, et al.
Real—time facial surface geometry from monocular video on mobile
GPUs[J]. arXiv prepring arXiv,1907. 06724, 2019.

[8] WALTER S, GRUSS S, EHLEITER H, et al. The biovid heat
pain database data for the advancement and systematic validation of
an automated pain recognition system [ C |//Proceedings of the
2013 IEEE International Conference on Cybernetics. Piscataway ,
NJ.IEEE,2013; 128-131.

[9] SZAINBERG N M. What the face reveals; Basic and applied
studies of spontaneous expression using the facial action coding
system [J]. Journal of the American Psychoanalytic Association,
2022, 70(3) : 591-595.

[ 10]WANG Jinwei, SUN Huazhi. Pain intensity estimation using deep
spatiotemporal and handcrafted features [ J]. IEICE Transactions
on Information and Systems, 2018, E101-D(6) : 1572-1580.

[11]ZAFAR Z, KHAN N A. Pain intensity evaluation through facial
action units [ C ]// Proceedings of the 2014 22" International
Conference on Pattern Recognition. Piscataway,NJ.IEEE, 2014,
4696-4701.

[12]MENG H Y, BIANCHI B N. Affective state level recognition in
naturalistic facial and vocal expressions[ J]. IEEE Transactions on
Cybernetics, 2014, 44(3) . 315-328.

[13]ZHOU Jing, HONG Xiaopeng, SU Fei, et al. Recurrent
convolutional neural network regression for continuous pain
intensity estimation in video[ C]// Proceedings of the 2016 IEEE
Conference on Computer Vision and Pattern Recognition
‘Workshops. Piscataway,NJ:IEEE,2016; 1535-1543.

[ 14 ] RODRIGUEZ P, CUCURULL G, GONZALEZ J, et al. Deep
pain: Exploiting Long Short—Term Memory Networks for facial
expression classification [ J]. IEEE Transactions on Cybernetics,
2022, 52(5): 3314-3324.

[15] TAVAKOLIAN M, HADID A. A spatiotemporal convolutional
neural network for automatic pain intensity estimation from facial
dynamics[ J]. International Journal of Computer Vision, 2019,
127(10) ; 1413-1425.

[ 16 ] THOMAS B. LSTM neural networks for detection and assessment

of back pain risk in manual lifting[ D ]. Cincinnati: University of

Cincinnati, 2021.

[ 17]ZHAO Zhenqun, LIU Qingshan. Former—DFER: Dynamic facial
expression recognition transformer [ C]// Proceedings of the 29"
ACM International Conference on Multimedia . New York: ACM,
2021; 1553-1561.

[18] HUANG D, XIA Z Q, MWESIGYE J, et al. Pain — attentive
network; A deep spatio — temporal attention model for pain
estimation[ J]. Multimedia Tools and Applications, 2020, 79(37-
38) : 28329-28354.

[ 19 ] HUANG Dong, FENG Xiaoyi, ZHANG Haixi, et al. Spatio—
temporal pain estimation network with measuring pseudo heart rate
gain[ J]. IEEE Transactions on Multimedia, 2021, 24. 3300 -
3313.

[20]XU Haochen, LIU Manhua. A deep attention transformer network
for pain estimation with facial expression video[ C]//Proceedings
of the Chinese Conference on Biometric Recognition. Cham:
Springer,2021; 112-119.

[21]LIAO Jiachen, HAO Yan, ZHOU Zhuoyi, et al. Sequence-level
affective level estimation based on pyramidal facial expression
features[ J]. Pattern Recognition, 2024, 145.109958.

[22 ] SRIVASTAVA N, HINTON G, KRIZHEVSKY A, et al.
Dropout: A simple way to prevent neural networks from overfitting
[J]. Journal of Machine Learning Research, 2014, 15. 1929 -
1958.

[23]OTHMAN E, WERNER P, SAXEN F, et al. Cross—database
evaluation of pain recognition from facial video[ C]// Proceedings
of the 11" International Symposium on Image and Signal
Processing and Analysis. 2019. DOI: 10. 1109/ISPA. 2019.
8868562

[24] SUBRAMANIAM S D, DASS B. Automated nociceptive pain
assessment using physiological signals and a hybrid deep learning
network[ J|. IEEE Sensors Journal, 2021, 21(3) : 3335-3343.

[25] DRAGOMIR M C, FLOREA C, PUPEZESCU V. Automatic
subject independent pain intensity estimation using a deep learning
approach[ C]//Proceedings of the 2020 International Conference
on e — Health and Bioengineering. Piscataway, NJ. IEEE, 2020.
1-4.

[26] FEGHOUL K, BOUAZIZI M, MAIA D S. Facial action unit
detection using 3D face landmarks for pain detection [ C ]//
Proceedings of the 2023 45" Annual International Conference of
the IEEE Engineering in Medicine & Biology Society. Piscataway,
NJ. IEEE, 2023; 1-5.

[27 ] ZHI Ruicong, WAN Ming. Dynamic facial expression feature
learning based on sparse RNN [ C ]// IEEE Joint International
Information Technology and Artificial Intelligence Conference .
Piscataway ,NJ: IEEE,2019:24-26.

[28 ] ALGHAMDI T, ALAGHBAND G. SAFEPA:. An expandable
multi-pose facial expressions pain assessment method[ J]. Applied
Sciences, 2023, 13(12) : 7206.

[29]THIAM P, HIHN H, BRAUN D A, et al. Multi—modal pain
intensity assessment based on physiological signals; A deep
learning perspective [ J ]. Frontiers in Physiology, 2021, 12
720464.



