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Abstract

This paper describes the concept of multi-modal data fusion, describes the current application of
multi-modal data fusion (behavioral and physiological modes) in pain assessment technology, and
proposes that multi-modal data fusion can make pain assessment more efficient and accurate. The
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future multi-modal intelligent pain recognition technology should enrich different pain type rec-
ognition algorithms on the basis of maturity, and seize the common reaction of pain. The early
warning value of pain to disease progression was examined during the occurrence of disease. In
addition, nursing staff should cross-collaborate with big data researchers and complement their
resources to enhance the clinical practicability of the research and solve the difficulties in clinical
pain assessment.

Keywords

Multimodal, Pain Assessment, Data Fusion

Copyright © 2024 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 518

PEIAE SN B A BER LA AE PR R 2 —, B W] DL RS A A A M AL B A . P
MATREE T E 2R, Eeln, £ 52.2%0) B AR AR ¥ 22 R DA R AR R FE B[] . STHR[2]
PR R B AR R B, Z35 80%.

PR VPt R AR o B S B B 2 [3]. H AT, ARE I B BRIV At R R T SE B A VT Al (0 e
HE[4], X T2E)U, B BAA 1 5 FRhS 0 5 [5] AT RETCIR H AR, X TR 83, H AT dHAREEA,
LB ANt BLRIASCRFE R PP PR I AT IR YT o H AT I AR AR P R PG 240 e 52 &l il
GRIVBRIT N G SE M. — TR ML SR I 5 FE SR KB (R 545 77, 55— T A 45 SR 2 S N EMIA R
HISZMAAR,  Joik S 2 W e R PR R JEE [ 6] o

W BT — EAERR VA AR A2 LR, DU B> 8 3 75 i (3 AL 5% 2 A 1 Ly, B
U (sl b PR R R 2R

2. BAASHUIERS ML

AL H ATEOHT I — R R REAL PRI VPAL T 3, AR T RS . RS R R A fR e T
Fer, REAFBSRIEE, —Bil 2 e 2 N LLEBESA R, KA RS T R S — ),
ERE MG — A REIL 7] WO PECSEUR TR A T EONER R ZNE R, IF B2 8dE sk R 52
B PRV, 2 HESEHE G R IR ORIRE N AT R R (I R B2 . BHAEsl . AE
AR ER (A A A S XIS )0 57) 38 77 5 S AR A etk B4R, ZRSERR &R LB
W) Z N TR (5 BACE BT I AW AT, PRI R B RE L Rk R St b Bl 7 E AR
H, #E3D 7 RER AR S I PR AR RO RS & [8] - i TIE sk T 25 B R & B IR A HOIE S A R
I HEER 2 — 5 SR S B RCR . DIBE, A& AN RS BRI & 5 R KPR s B A Ty
AR ORI 32 B KT

3. BT TAREBESHARITERANH
31 fTAER
AT IS W . SEsh. BIEE R . WSS, A, PO AR A

DOI: 10.12677/acm.2024.1472020 343 e R 2= 273k e


https://doi.org/10.12677/acm.2024.1472020
http://creativecommons.org/licenses/by/4.0/

%

THRAT MR T B OIS —E ost, BTFURZH A i SR i i, 302 17 N LR e Il A%
TR VR ) L T 5% (K]0 i il o

3.1.1. EEpRIE

PEIRAE — PR EARLS, o — P B RLS, I8 R R AE 7R AR ML s A RN (5 R Rk
FI| 55% [9]. FRIH RN A B ELLREME AU 5 W 0 2 — P AR B 5, B S0, AR AR 3
AR N AR AT PR VPl P LI B AR SR — AN R T 5 BRI 2%, N2 A a7
St FRE SR TR AR HeA, EEXTGVEH B IR RIEIRM AR, WA )L RSz R Bl
1E 1CU R, SRAE AT LME PPl H PR i) E 2248 b5, NHIRME AT, HEMIIRIT . AR, BEE R
A5 37 B AU, ) P AL SR T 51 v Rt 1 % SI it el 2T 2 175 1) A JEE A M 0 e, D)y 5 o BT 7 4 A1
THyE R EE R TSR, ARt R AR A R IR 0 [ BB AT 5] g PR AN
) )

H 20 tHhad 90 FEARLIK, TR IRAMEARZ 2 T B NAIMEF )2 K00, V2 Jedt B K PR TEHL
ML B I TIRNRR ST T BN, FE@ESL 2 AR . fEPMRR IS I S0, B 785 A i I &0
FHOIE B R IT(AU)IRAE . SREURIRFE ML, B IF5E 8 T MR G E, 41 COPE £ = -
UNBC-McMaster J5 #7RE3E 5 BioVid APIHEIRE 2E . FIMEEIED 5541 UNBC-McMaster JH #1%
97 2 N HHE P2 [ 101 B DA 1 DR o i IR Bt U AT A AE A6 s A BR [11] TR A Fh R [12]
PREA RSG5 At . PRGBS B & 10 ORI B 2 908 1 FE S5 R Al 70 K A Bh T HE S & e V7
iy BCGEUIZRERL I AHLAE B

Denys Fontaine %5 Il ZRFISMTIRIE T IR 5% 2% 2] R0 (ResNet-18 R M 4%), I3 1189 4 &
HFAREAMFARIG M 2810 MR, R NRS BRI R, @ HEfhrE. BURiEfRe 55k
VAL AL AR . DAl EEARE(NRS > 7/10) R BUBRMEANRR 0 53 38 77.5%H1 45%, 1Ak 3 5
(NRS > 4/10) (U AEANRR 721 73 790 89.7%41 61.5% [13].

Sikka Z5&F] FH i1 A LA (Computer Vision, CV)AIHL2&2: >] (Machine Learning, ML) A T E sh 4%
PEA . A 50 15115 Jis B i R VISR A G 5~18 5 5 /b 4F SRS P M AR SR AN A IS A R A A, ST T
—/NMET CVML FLEARJGAIRIPAA AL, PRl 1L B FRRS M IT o AR R R v, AR S ™
PR E ARSI T, PR IR A I A7 TE R 258 BE (1 AH G % (r = 0.65~0.86; 1 = 0.47~0.61) [14].

Rahu S50 Fu 48 AR B, ARAC I o B S5 T R R I AN 2 8b o TS 130 40 OB G
B AR HRHE) 2 B DLIBOE RN, v R ARSI G R B AR VR4 1A UL $E[15]

DR AR s N 2 155 AT PRI VR Al T LU R AR Sl — AN SO IS HUERA I 2%, B E B A 30
BT I BT R AR TR AT e

3.12. #RITAH

FRLEMIPIFAR R SRS SEH B AR A O Pkt —2 i, I BErcm. XSEasi s
TRIPESR AT F2E AR 32 e . BARIK SRS S = NI S7 o Eelun, S5 IS AR AR G (14
SIS Re A MR ORI ORI AT, RS RIRMATEI BT, AR B R I £
PRERAL[16]. Werner SE[17151 X0 51 (1 Sk B A Bl Je S8 AALHEAT THIETL, R LS EAEAE 2 A T 10
s A PR AL, HAEAN R 2R T IX LR R RV Bl & T A A

SCHR[18]iH3d IntraFace AR FZ B f HOCULI Hh G e RFAE AT SK AR A SRR AL, S5 & AE MR AEAS 5, JFAIA
Lk SVM 732285 K BEHUARAR 7> RAS AT 7028, IR S5 BB WIS TR e N, Bl 7 AU S5 e
RS 5 KRR B PSRRI RCR B — (555 IS, SRR IR S 1 5200 Jl DR a9 1A R 2 A A [ A A

DOI: 10.12677/acm.2024.1472020 344 I IR = =23t e


https://doi.org/10.12677/acm.2024.1472020

AR Ia) B A e AR B

BEXT PR SR I Sk S A% Bl S 8 S8 AU HEAT B 7T, R DX e VR AR A A2 70 () B0 R AR L, (H
FEA R SFAT T X BB A R B R > PSR A TR D SRAS UL, H— L8 i Rk (n “miy ™ )
FORPIREETRANE . AT IR, WG S CRAL. My, W<, AR, BLKIE 5 R
HARSETT T, WHEE RN H L R XL, SRIL A fie SR A SN R — A ((HA
ST A 2 AR o

3.2. HiES

AP AR RSB O IMUETES) . KRS SRS . AEEE S AU A B TR, H
AT RGN W, RO E N v eds . BAAORYL, O, KBS IRz 7%, BRI
AR S 5 PR AR DG, ELAT DL Tl A I R AR 2

AMARAARLE AR 3RAE 5 0T DASR BEAR G B0 5 PR A DR 4 B

Walter Z5[19]% 26#R R T A {55 SEMG (surface Electromyography, Rl E, #E9EIL. B
WLA%5i23)) F1 EDA (Electrodermal Activity, J&BkFEVESNMIRIE. S, FRatk. . LIRSS,

Worley [20]%45 & EEG. EMG. ECG. NIRS FIALA I 2 B 4T A SV EREE AL i 2 F AR Il R 4t
BT A P AR B SN e B0 R () 22 A X3, 308 3 0o K 7% 3 RO T 0 AR O AR 5 Al S 26 o i R
(Electroencephalogram, EEG) s Bt N AR K B 2 FLTE S 34, A& RERAEERE G . 8 i
G HHTRHMESREL, A IR BT, PR RIR R T IR 2 E R

VAR, AREAl Y T A0 AR BEAR AR 1) TN AE TH ST U 4% 32 00, BN E & —FhREE
TRV 75, FERIR I NSRBI T 2 6e . FREE R Rep AR =m0l &3 KF

4. BESHEMS AR EEITESARRA

ARG TR R R AP AT R(E 2, FRIRESS & HARE SRR EENE R, AR
SEMOR, EESFHEES). BREL, SEEES%21]. Tk 2B A A 1R N 7 R E
SERA RN, IFH IR ZHARS I E IS I RCR [22] [23], BRIE, Fla A RS BRI R S R )
T ST B PEE A 7 V0 A O AR A2 3 S

BioVid #RERE FE[24] R H 7 AR 757, A4 ME LRGSR EMG. ECG 1 EDA)SREU Z B4
BN S 5 3 TR AL 1288 B 87 42 538 AN AR DA ZE BT I N\ L S 7m K F BL &
B . RS RS 5, HIdR PR RRE £ B LM, &, 5N 7T 283 EmoPain
HHREE[25] 0 B M E TSRS, B4 22 19 VE R B 5 A0 28 44 18R\ I EHE 317 LU, x4
H5HEEIML P FERE AT 7 EFEREEE. 2B E ORI 2 MBI, 2 mEsiin. =4
NERHREEIEFIR B 5 H LA T EMG 55 .

B. T. Susam £ [26]38 i 5z Ik FEE B (EDA) I 3% -5 MR T 8 2 18 il 6 SR T R % LR P VP A 48 A, A
MANFEIE T W IR M. S5 R R0, EDA R E S S 4t 7 8 m f U fks vk, (He
ATAE I PR 25 P00 5 I PR AR 2 P 7 R T I A B T R 0, 774 7 90.91% I HERf %, 100%
MIBUBIER 81.820% 1)1t — MR T 2SR BME 5 MR M T RA[2715R W, THERE.
IRERZEZN . Wi Rk S, Bl JOR I P R I S A A 2 B A A SR A WA () 2 B P PR R A 1)

Salekin [28]& 2 T —Fi¥i I Z BB 20715, ©BES TMRMBEEES, JREILHE T AL
RGP B T 2SS AR GBI R, S T RS SRS 1R . 76 5 STHE
£ FSIR g BRI, BT H I 2B I B TV E A B A AUC (0.87)FIREFE(79%), T3 L BRI 72 5

DOI: 10.12677/acm.2024.1472020 345 I IR = =23t e


https://doi.org/10.12677/acm.2024.1472020

%

6.67%7F1 6.33%.

AT SR A A S M AR 2 I S AR . AR 86014 75 BT T [20] SR 1 T 2 S 7 ik
T P il R 08 1 7 VR RN IS T 35U 7V L A3 AR B S0 B4 BT S (AR B . BREEL IR )
PR, B, SPHIThREAAT A S IR, LSRG S AT S (P R B i . AT B e P
SHANERARA ML R, AL, XL AT AR S kS
5. &5

PR TR Sr B RBAT N AR RN Z TR R A N TR BRI, 2 RESHEE A%
A T BEAE AR R AR N T BR SR I — oty A3 BRI/ N 77 BRI FE 10 [R) I th n] DA ey DAl 45
MIPTEEYE, S AF R I PR i PR o I )R RE IR VP A AR T L5 D9 UM B S A T 4t
by ARPEAORARMEDEAG, TOTE L IR I8 PR R R B 2 W TARA BB B, W] R 3 15 22
A, FEBOFR UL o AR OR AR 2 A5 2 RE SR IR A AR A B PR 2 At b 37 = ' AN R R R AR R B,
LRI RS, FFAESIR AL A ISR 17 22 FR R PR AN DU RN B35 KB 41 55
PFUFFEN REAE, AR BIREAN, PARRAE A, SRz o R IR SE 1, R T X8 7o
PPAE L, A pRI R FLEE, $R TR0 B I AR ACR -

SE

[1] Mantyselkd, P., Kumpusalo, E., Ahonen, R., Kumpusalo, A., Kauhanen, J., Viinaméki, H., et al. (2001) Pain as a Rea-
son to Visit the Doctor: A Study in Finnish Primary Health Care. Pain, 89, 175-180.
https://doi.org/10.1016/s0304-3959(00)00361-4

[2] Zoéga, S., Sveinsdottir, H., Sigurdsson, G.H., Aspelund, T., Ward, S.E. and Gunnarsdottir, S. (2014) Quality Pain
Management in the Hospital Setting from the Patient’s Perspective. Pain Practice, 15, 236-246.
https://doi.org/10.1111/papr.12166

[3] Wong, D.L. and Baker, C.M. (1988) Pain in Children: Comparison of Assessment Scales. Journal for Specialists in
Pediatric Nursing, 14, 9-17.

[4] Melzack, R. and Katz, J. (2006) Pain Assessment in Adult Patients. In: Wall, P.D., McMahon, S.B. and Koltzenburg,
M., Eds., Wall and Melzack’s Textbook of Pain, Elsevier, Amsterdam, 291-304.
https://doi.org/10.1016/B0-443-07287-6/50023-0

[5] Schnakers, C., Chatelle, C., Majerus, S., Gosseries, O., De Val, M. and Laureys, S. (2010) Assessment and Detection
of Pain in Noncommunicative Severely Brain-Injured Patients. Expert Review of Neurotherapeutics, 10, 1725-1731.
https://doi.org/10.1586/ern.10.148

[6] E=Es, T, #E SNBSS M NZER SN HE%44E, 2015, 30(9): 51-52.

[71 #MERe, BifRE, RRTF. SRESERE IR HEV TR SR, 2020, 56(21): 1-10.

[8] M, MK, AR, & ARSI GNP EEE RSB LN PE25E, 2020, 35(19):
88-90.

[9]1 Bray, F., Ferlay, J., Soerjomataram, I., Siegel, R.L., Torre, L.A. and Jemal, A. (2018) Global Cancer Statistics 2018:
GLOBOCAN Estimates of Incidence and Mortality Worldwide for 36 Cancers in 185 Countries. CA: A Cancer Jour-
nal for Clinicians, 68, 394-424. https://doi.org/10.3322/caac.21492

[10] Huang, Y., Qing, L., Xu, S., Wang, L. and Peng, Y. (2021) HybNet: A Hybrid Network Structure for Pain Intensity Es-
timation. The Visual Computer, 38, 871-882. https://doi.org/10.1007/s00371-021-02056-y

[11] Werner, P., Al-Hamadi, A., Limbrecht-Ecklundt, K., Walter, S., Gruss, S. and Traue, H.C. (2017) Automatic Pain As-
sessment with Facial Activity Descriptors. IEEE Transactions on Affective Computing, 8, 286-299.
https://doi.org/10.1109/taffc.2016.2537327

[12] =CHHE, AR &M EshRgER D). tHEVLRSRH, 2020, 29(2): 9-27.

[13] Fontaine, D., Vielzeuf, V., Genestier, P., Limeux, P., Santucci-Sivilotto, S., Mory, E., et al. (2022) Artificial Intelli-
gence to Evaluate Postoperative Pain Based on Facial Expression Recognition. European Journal of Pain, 26, 1282-1291.
https://doi.org/10.1002/ejp.1948

DOI: 10.12677/acm.2024.1472020 346 e R 2= 273k e


https://doi.org/10.12677/acm.2024.1472020
https://doi.org/10.1016/s0304-3959(00)00361-4
https://doi.org/10.1111/papr.12166
https://doi.org/10.1016/B0-443-07287-6/50023-0
https://doi.org/10.1586/ern.10.148
https://doi.org/10.3322/caac.21492
https://doi.org/10.1007/s00371-021-02056-y
https://doi.org/10.1109/taffc.2016.2537327
https://doi.org/10.1002/ejp.1948

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

Sikka, K., Ahmed, A.A., Diaz, D., Goodwin, M.S., Craig, K.D., Bartlett, M.S., et al. (2015) Automated Assessment of
Children’s Postoperative Pain Using Computer Vision. Pediatrics, 136, e124-e131.
https://doi.org/10.1542/peds.2015-0029

Rahu, M.A., Grap, M.J., Cohn, J.F., Munro, C.L., Lyon, D.E. and Sessler, C.N. (2013) Facial Expression as an Indica-
tor of Pain in Critically 11l Intubated Adults during Endotracheal Suctioning. American Journal of Critical Care, 22,
412-422. https://doi.org/10.4037/ajcc2013705

Aung, M.S.H., Kaltwang, S., Romera-Paredes, B., Martinez, B., Singh, A., Cella, M., et al. (2016) The Automatic De-
tection of Chronic Pain-Related Expression: Requirements, Challenges and the Multimodal Emopain Dataset. IEEE
Transactions on Affective Computing, 7, 435-451. https://doi.org/10.1109/taffc.2015.2462830

Werner, P., Al-Hamadi, A., Limbrecht-Ecklundt, K., Walter, S. and Traue, H.C. (2018) Head Movements and Postures
as Pain Behavior. PLOS ONE, 13, e0192767. https://doi.org/10.1371/journal.pone.0192767

Kéchele, M., Werner, P., Al-Hamadi, A., et al. (2015) Bio-Visual Fusion for Person-Independent Recognition of Pain
Intensity. Multiple Classifier Systems, Guinzburg, 29 June-1 July 2015, 220-230.
https://d0i.org/10.1007/978-3-319-20248-8 19

Walter, S., Gruss, S., Limbrecht-Ecklundt, K., Traue, H.C., Werner, P., Al-Hamadi, A., et al. (2014) Automatic Pain
Quantification Using Autonomic Parameters. Psychology & Neuroscience, 7, 363-380.
https://doi.org/10.3922/j.psns.2014.041

Worley, A., Fabrizi, L., Boyd, S. and Slater, R. (2012) Multi-Modal Pain Measurements in Infants. Journal of Neuros-
cience Methods, 205, 252-257. https://doi.org/10.1016/j.jneumeth.2012.01.009

Gruss, S., Geiger, M., Werner, P., Wilhelm, O., Traue, H.C., Al-Hamadi, A., et al. (2019) Multi-Modal Signals for
Analyzing Pain Responses to Thermal and Electrical Stimuli. Journal of Visualized Experiments, No. 146, e59057.
https://doi.org/10.3791/59057

Werner, P., Al-Hamadi, A., Niese, R., Walter, S., Gruss, S. and Traue, H.C. (2014) Automatic Pain Recognition from
Video and Biomedical Signals. 2014 22nd International Conference on Pattern Recognition, Stockholm, 24-28 August
2014, 4582-4587. https://doi.org/10.1109/icpr.2014.784

Kéchele, M., Thiam, P., Amirian, M., et al. (2015) Multimodal Data Fusion for Person Independent, Continuous Esti-
mation of Pain Intensity. Engineering Applications of Neural Networks, Rhodes, 25-28 September 2015, 275-285.
https://doi.org/10.1007/978-3-319-23983-5 26

Walter, S., Gruss, S., Ehleiter, H., Tan, J., Traue, H.C., Crawcour, S., et al. (2013) The Biovid Heat Pain Database Data
for the Advancement and Systematic Validation of an Automated Pain Recognition System. 2013 IEEE International
Conference on Cybernetics (CYBCO), Lausanne, 13-15 June 2013, 128-131.
https://doi.org/10.1109/cybconf.2013.6617456

Aung, M.S.H., Kaltwang, S., Romera-Paredes, B., Martinez, B., Singh, A., Cella, M., et al. (2016) The Automatic De-
tection of Chronic Pain-Related Expression: Requirements, Challenges and the Multimodal Emopain Dataset. IEEE
Transactions on Affective Computing, 7, 435-451. https://doi.org/10.1109/taffc.2015.2462830

Susam, B., Riek, N., Akcakaya, M., Xu, X., de Sa, V., Nezamfar, H., et al. (2022) Automated Pain Assessment in
Children Using Electrodermal Activity and Video Data Fusion via Machine Learning. IEEE Transactions on Biomedi-
cal Engineering, 69, 422-431. https://doi.org/10.1109/tbme.2021.3096137

Lin, Y., Xiao, Y., Wang, L., Guo, Y., Zhu, W., Dalip, B., et al. (2022) Experimental Exploration of Objective Human
Pain Assessment Using Multimodal Sensing Signals. Frontiers in Neuroscience, 16, Article 831627.
https://doi.org/10.3389/fnins.2022.831627

Salekin, M.S., Zamzmi, G., Goldgof, D., Kasturi, R., Ho, T. and Sun, Y. (2021) Multimodal Spatio-Temporal Deep
Learning Approach for Neonatal Postoperative Pain Assessment. Computers in Biology and Medicine, 129, Article
104150. https://doi.org/10.1016/j.compbiomed.2020.104150

Patrick, T., Viktor, K., Mohammadreza, A., et al. (2019) Multi-Modal Pain Intensity Recognition Based on the Sen-
seEmotion Database. IEEE Transactions on Affective Computing, 12, 743-760.
https://doi.org/10.1109/TAFFC.2019.2892090

DOI: 10.12677/acm.2024.1472020 347 e R 2= 273k e


https://doi.org/10.12677/acm.2024.1472020
https://doi.org/10.1542/peds.2015-0029
https://doi.org/10.4037/ajcc2013705
https://doi.org/10.1109/taffc.2015.2462830
https://doi.org/10.1371/journal.pone.0192767
https://doi.org/10.1007/978-3-319-20248-8_19
https://doi.org/10.3922/j.psns.2014.041
https://doi.org/10.1016/j.jneumeth.2012.01.009
https://doi.org/10.3791/59057
https://doi.org/10.1109/icpr.2014.784
https://doi.org/10.1007/978-3-319-23983-5_26
https://doi.org/10.1109/cybconf.2013.6617456
https://doi.org/10.1109/taffc.2015.2462830
https://doi.org/10.1109/tbme.2021.3096137
https://doi.org/10.3389/fnins.2022.831627
https://doi.org/10.1016/j.compbiomed.2020.104150
https://doi.org/10.1109/TAFFC.2019.2892090

	多模态疼痛评估的研究进展
	摘  要
	关键词
	Research Progress in Multimodal Pain Assessment
	Abstract
	Keywords
	1. 引言
	2. 多模态数据融合的概述
	3. 基于行为及生理模态的疼痛评估技术应用
	3.1. 行为模态
	3.1.1. 面部表情
	3.1.2. 疼痛行为

	3.2. 生理模态

	4. 多模态数据融合评估疼痛的智能评估技术应用
	5. 结语
	参考文献

