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Survey on Facial Expression Recognition of Pain
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Abstract; In recent years, research on automatic pain recognition is of increased attetion, due to its wide
application in clinics, especially for the treatment and nursing of patients who cannot express their pain
vocally. Since the face is the vital cue for evaluating pain and the great progress has been made in facial
expression recognition with computer vison technique, it is an effective way to recognize pain automatical-
ly utilizing facial information. Here, four existing databases used for pain recognition are firstly intro-
duced, namely, the STOIC database, the Infant COPE database, the UNBC-McMaster Shoulder Pain
Expression Archive database, and the BioVid Heat Pain databse. Then, the proposed methods in the last
decade can be divided into four categories depending on the use of either static images, video sequences,
person specific strategy or multimodal methods. Finally, the current state of the art in pain detection re-
search, open issues and future directions are highlighted.
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prise) (R4 (Fear) | K (Disgust) LA K K173 (Sad) . F| | FACS R GEHiiR TmiHBEshMAR BB LR,
I FEA SR A DC IS8 T R PR J ) o PR R AR R B T AR AR 055 o FLA0 R ) 55 &3 I WL AE
T AR A b o PRI A R 71— R RR IR 1 B Dy 52 23 i) TR 9 209 AR R N 1 T A8 45 5L 1 A 50 i il ot
—FP AT REAY Jy 5. 1991 4F ., Craig 585 JF QI b BIF 5 1T 6l 2000 18 om0 02 M T 5 38 95 9 1 51 S 19 T 8
R T A6 2175 R 91 4008, 19 K 1T . Prkachin F1 Solomon™ ™ B 5% T %9/ F1 0 %6 3% 3 870 1 6
Z I 1 T Prkachin fil Solomon ¥ ¥ 2 & & £ 47 #f (Prkachin and Solomon pain intensity scale, PSPD),
PE— S T ARG IR K & . Prkachin™ %35 10 4E 22 A A9 AR 00 22 15 R 9 89 TAF 47
T RY, AL RGNS &R 24k X 10 453k 45 & 1S AL S8 B R 9 B
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1.1 STOIC ¥ 7 E

STOIC 4 B2 A& 1 088 AN 43 HE Ry 720 X 480 By F (A AT B A 1 088 i LA B 48 B iy 181 A
a1 AR, 34 40k B SRR R AR A B AR IR AE 20~45 B2 A AR R H R A7 F Canon XL 1S
TEAZHLAET 1.5 m Ab, 52 R0 2 IO [R5 B G, T L 55D 1 8 g (g 2%, DO WIR  BEF L 30 s 2B R
WAL R AE PR RN &0 R AR BIR 2 7 000 A U hh R AE AREL , A U B FF SR ) K29 1 s, 4
AN WL 5 DN 5 SRR ) R 15 o e R R e L B RN Sk RS Bl d A i 4 DR B L L 34 X
8X4=1 088 R B » X LA B H 1y N AT X 55 o 4 HCA: A W0 430 Be v 1 e 1 3 15 WA Ay A ) e
AREEG . XPMBIFEENARZARAM DA REMEEBETFRE R ERN  HENIRESS
KA B FBEFAE , BB I A RE 8 %8 A KA &R G S .

Bl 1 STOIC ## 4 & g 2 18 905507 81 7 i)
Fig. 1 Examples of pain sequence in STOIC database
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e COPE $dia Pe b (¥ BF 98 € 22 U3 17 AH X 450 4 10 80 TR B8R H COPE 8l 473 98 F7 76 A
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Bl 2 COPE Hdi P o 2L 71 [ 450 i

Fig. 2 Examples of infant face images in COPE database'*

1.3 UNBC-McMaster |5 &i kB R ISHIEE
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YA ER B A TR R A, X e S S E R A IREEF BTHEROACWE 3 Uiw. 955 HEER R 320
X240, N X IR 290 140 X200, %5048 )2 B Al 2 2 1 5980 /0 BB 55 - (1) 25 MEEH 1) 200 4~ H
S 75 I T RS LA 5 (2)48 398 N2 FACS % 5 9 FAZ M1 s (3) A I3 145 Mt 11 5 e 155 0 DF 43 1R A48 )
FIPEI I 0 0 B 3R 45 AL AL (4 T3 SP AR B (Active appearance model, AAM) [ 66 A4~ FRAIE
PRIC A . UNBC J8 3829 S0 122 2 B AT Bl 12 107 P B0 28 98 TR 00 0 e o (H B A0 SR A7 A — 2 1)
B A BE T R AR LR Y TR, I R RE S8 R B S2 g 5 A R UNBC JA 3695 9 288 P2
PO E REMNEYE. HESSEHENHEEMARIER AR,

Prmo 4 SELR7E Prems 95

S22 Frem 28

Pl 3 UNBC-McMaster Jif 8% Jf B0 P2 b — 000 510 o AR s 1]

Fig.3 Example of frames in a sequence in UNBC-McMaster shoulder pain databaset'*)

1.4 BioVid & FEEIEE
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KO 22 T P AR B 2 5 BT Y L B T AR
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B K 2 5 AR AR AT 4 A DA A i R

Pl 4 BioVid $AA B 142 1 o i g

Fig. 4 Pain stimulation of BioVid heat pain database™'™
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BRI o AU4 R ZURE B L AU6 f1 AUT Ji 20 R B B KAE . AU9 M AULO R 202 B B B
KAE LA K AUA3CHL 0 8% 13X 4 T2 A, & 55 2661 5] 7 UNBC JH #8 J B0 2 i 4 3k 6 & 9K
N (1 R WO 17 ) PSPIAE . PSP B2 it b o 2 B AT OUA 09 77 LRI PTAl 45 it o A2 38 1) i 4k
T EE T A B LR HEAT LT B AN B S O OO, PSPT BT $R I A 45 B AT gl 2 s et
PR R GRS

Giame] MELEAG | (S MR8  [FEme G 056
' PSPI=1 . PSPI=2 ' PSPI>3
B 5 UNBC-McMaster J& #2500 P o 9 9% 5 612 2% JURE I PSP A £

Fig. 5 Examples from UNBC-McMaster shoulder pain database with corresponding pain intensities using PSPI*"
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cosine transform,DCT) % &7 . Gabor /Nl ¥ 5 LBP 2545 DI R F 3 N ERFEH M /E — ok
(Local binary patterns on three orthogonal planes, LBP-TOP)™™ () 23 i 432 fiF 4% B vk 45, 28 -5 780 1) 4
MRS o F A LT F 3B R BB (Active shape model, ASM) P F1 3= 3l WL U ( Active appearance
models AAND " fy R AIE B2 U 1% 0 00 22 175 U oh T A0 5 AIE $2 BRU5E 2 2 PCAL LBP. Gabor . AAM L)
K LBP-TOP &5, KA 5320715 EE4 NP — R B T 25 [ 434 i 75 vkl R A 2 T & M
2% 14 0% (Neural network, NN) 25 14 ) 51| 43 #7 32 ( Linear discriminant analysis, LDA)P* | 37 2 ) £ L
(Support vector machine, SVM) ™ #5615 #l (Relevance vector machine, RVM) | AdaBoost &y
DA K it L AR Mk (Random forest, RF)“ 45 55 — I 56 F i 25 M1 45 & 19 40 R0k B2 IR o JR A R A
R4 3 (Hidden markov model, HMMD ™, %4 2 4% 1R 3 v % (0 45 1E 43 288 15 8 NN, SVM, RV M,
Adaboost Al RF 4§, A% SCHE 08 #1930 40 o 76 w0 25 R vh 03] FE AL 8301 97 o AR L & 6 R S8 )
HEAT B9 DL R R 22 R B IR A TR 4 F
3.2 BFBSEGNEREERS

00 2 A1 59 S (R4 7 5 98 0 BN © % o T 25 (A e 2
WA R S EMGRERBIE RN AR EA LR X ILE A R AENERRE RN, R a5 E G
AL B RRAE 4R ORI 3 28 AE B A AR AR AR ORI 2 ROR AN . [ AD BRI ST AT BN 36 [ % O
I 37K 2% Brahnam Z82 F BA 12 0 56 [ A4 96 0 B0 1 2% 58 19 Haddad 2082 BB 3 B AN 1 BABF 98 e
FH I B4l 127 41 2 COPE 5046 P o 1 Py =5 22 14 B1F 5 141 BA 2 o e HIG FhL, K 2% 7y B 30482 T B B0 9 7 )
Kods PRI B A i L R SR P
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Fig. 6 Flow chart of pain expression recognition system based on static images

Brahnam [A] BAH2 5 08 290 PR 550 J7 3 v ity AR T AL B3 B = 6 3 e 2 A RO 728 e i 5 o 7 181 45 v
AT IR S 5% o AR i DR TR BB S 100X 120 /DN o I 1k — 25 3R 59 3 4 183 % T 3B 11 4% . 3k 9 3 i I
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PR 2 U B0 A 58 L BAE 5 1 AN [R) B9 e AE 32 IO Y6 R 3 2807 ¥ o 7 SCIRL18 ~ 20 ] rpr KR4Ik ]
ol PR B B O T PCA BEAT B4k SR 15 43 5 PCALLDA LSV Ms DL bl 22 9 25 [7] 2 55 1 (Neu-
ral network simultaneous algorithm, NNSOA) #F 474328, S8 25 R L0 R A 1 FR e 7 25 . IR 31 R K
WK 80.33%,83.67%,88.00% Fl 100 %6 , 3% HL 88. 00 %6 &% FH = Hr Z W R 4% SVM 32K (L5 2, 76 A
A 4% R B SVML 4324 i vh AOR S A 5 SR AR 2 Fh PP 0 J7 1 U3 AR W 80. 3906, 76. 96 96, 82. 35 %0 il
90.20% , X B 82. 35 % & % 48 4% 52 43 1) B HL (Linear support vector machine, LSVM) iR 5 2 , 7 A
[l A% e K SVM 2y 685 P RO B X T ATl B9 20 2 4% 5 5256 R B R AT NNSOA Sk U Rl s . 7
SCHRL21 T eb o ) AR B3 ) J0) B R ALE 1) 3 B 43 3R] DCT A2 46 45 5 J5 22 (Variance, VAR) FIi
i [A] 7% 31 1% £ (Sequential floating forward selection, SFFS) ¥E 47 %1 [& 4k , 2% J5 FIl FH NNSOA #1 LSVM
AT G2 RS 2 FIEM J7 . LSVM+ VAR, LSVM+ SFFS,NNSOA+ VAR #1 NNSOA+ SFFS
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PE4> A AR 5 0 A OGP

J5E W AT BAAE SCHRC40 ] s R A Gabor F#AE4R U T Adaboost 553 (R IE ZE 5 F1 SVM 43 26 4H
A5G TR0 T vk X 510 MR AR LR AE BUR BEAT D03 1 45 R 26 BT 500 5 AR 1 m R AW 1 3 25 TR ) A 5k )
85.29% IR S5 UG IIR BN ZGEF] 94. 24 %0 KA 5 R F A 209 R F] 78. 24 %, FEX
BRLAL I WFSE T AR A% o6 B ) SVM XS B A= JLPE SR 5 S 0 T 215 6 A7 40 28 2808 L X 210 1 7 A=
LR BRI 45 R R R A =B 200 SVM 3 28 300 R e o R SCHRL42 ) 32 s —
ol A A 3¢ J 35 A5 Rk K8 3] 43 B SRF AE 42 B 7 5 (Uncorrelated locality sensitive discriminant analysis, ULS-
DAD 75 800 M Az JL R 1 P 5 2847 0 4k ) 25 2R 2 W1 2 4 28 SR 09 I 2R R AR TR Ol 150 8 1, >R
ULSDA Bk 381319 P 23R B335 3 T 82. 07240 .t F PCALLDA K Jry & Uk %6 3] 43 HT (Locality sensi-
tive discriminant analysis, LSDA) Z R AE S MU v . 7ESCHRL43 P 48 ) —Fi T LBP R AE £ 38 75 A
B 2R 78 43 2 A BB A2 LR FRAG TR 5 1k L 7E 800 g B A= LR BB BEAT I 25 S R T kA

S BB b AT PR 2R B U A S TR B B 1A I R AR LA K B 1 0 A A A L B R PR
PRI 5 Bt A B DA R — 2 KR 2 5 U R
3.3 ETFASFIINAERREIRA

PR 51 5 1 25 AR A AN TR Z AR A T 030 4) e e 1 NS 98 9 4 17 4 2 1) o 8 e R[] e, 5z gk
TR N T 28 R AN T] DX 35 T R UL P 2 Sl A S A BE T i S IRLR LU 31 RE A8 £ 11 B 2 A GRS
RIEMNBMEE . P BOR B2 0 B 58 % 1) 76 00807 91 v i A P 0 R I RN . 3 T AT ) 1 9
FG VU IE 43 S WS - — SIS X ML e 1 PR 43 390 %) G Bl 5 R A R AT R R 3R 1 R
AN TR 35 A AR R AT U S AR 5 53— 2R N UM 81 L TR AT R R R A A U
SEAT YR S BE I A T WP 8 BT o (H XY T I 28 T 1 e O S I A 22 Ay it 2 ) 1 A A T

EST
W] ] ﬁﬁy Fof AR | 4 | AUV [ 2o
BG4

V7 T PR AR 2 15 TR 0 T AR

Fig. 7 Flow chart of pain expression recognition based on video frames
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Fig. 8 Flow chart of pain expression recognition based on sequences
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Prkachin [ BAXF UNBC 0o 3 AR 327 52 50 28 U] 7 — >4 3 38 AN [ ol A [] 4 18 4> 14 1) A 43
R 96 X 96 [P ML ECHEAE T — R AV PUIPCI A 2 30 o e SCHR AT T vb o 80408 o oh 0050 7 5 1)
e [a] BRI SRy 215 G AT 53 B I B TR 0 € A A 3 A7 NI ARG 0 AR 5 2 BN I o7 & IR R AE
AN T4 2 W 2% (Artificial neural network, ANN) #E47 10 ¥ 0 JR R IR . SCHR[48 142 H T —Fh 4%
BT PCA Y RRAE I 1) 5 2 17 PR 0 07 125 7 RS 353 3] bl R AE I 7 A= 10 R 28 [ v, OF 5 8 F9K R
FAE I AR Ll B FEAE R AR 2 1] o 9 07 B o DT HE A7 29 2R 1R 1

Bartlett 4] B\ fig 1 Ak Tk B 26 AR Y FLAR P 2 08 DL S TG 3R 15 1 A0 0K 48 AT 90 B B0 O 3R 16
I Gentleboost #E47 52 A A AS I , A F Gabor /N3 78 #1847 S 30 R A1 32 B, B F SVM 4351 % 35 3l 5
JC B ST A AT 43 28 S A WX Rl B 3l 10 0 TR 0 2R 8 AR ) LB O R A I UE AR R LR Ll
N THERN L WOR A, B UNBC-McMaster Ji 38 7 9 80808 JE Hh A5 4 B30 #88 Bk A 1 A 1 B
VIR B BOA DU L AE R BOA AR AT A7 SC TR R 1 8 B A o2 8 DA B PR 1 - B2 ) [B) A 15 2L 0 2 e
YI 25 PR E f [) 780, SCRL 34 J48 T —F 2 T3] 40 3 7R J5 ¥ (Bag of words, BoW) i) £ Bt £ 75 f5i] 2 > HE 42
(Multiple-segment multiple instance learning, MS-MIL) , ¥ & — #4875 & L & 2 Bemy &, #I A
Z 7597 2] (Multiple instance learning, MIL) e fift g 75 Y 24 A0 4507 51 v 585 A 25 5040 10 [ R, &5 45 Ml
Boost 5 2 I 25 &4 - MS-MIL Jy B AR 5 91 95 1) s 28 52 B 1 X6 2 9 8 1 1 T O 42 v 17 1R 36

2 [F I 2% B8 K2 1 Cohn 4% T 915 1) I BA 3 & 5 T UNBC-McMaster J§ #8 9% 9i 540 2 J 1 1 3l
BT | R T LL B AR AT 51 14 9 90 26 18 B O A B I SRR g R SR B T B R T AAM
e HUAH 81 B A5 vE AL TE R (Similarity normalized shape, SPTS) | AH L B #5 #E 4k #h W (Similarity normalized
appearance , SAPP) DA } 2 B4R (Canonical appearance, CAPP) 3 Ff4514E , 5 4FE 2328 EZEF| F SVM 432K
fr o TESCHRL26 ], Rl AAM K2tk SVM 18 J7 2 43 5l 3 A7 Wi Z0ORT T 41) 90 1 2 9 R A% R . 78 SOk
(27 ]rp BT DCT A8 48 He 4 25 30 A5 5 A 2 B 3 A5 5 o DT sl 20 &1 W AR ik 248 B3O 50 4 R R st Sl A5 L 42
TR BISOR . AR SCRRL28 T LB SE T A AAM U /b Sk 4z 3h X A0 2 A5 U 0 B L B TS S
T AV R R R RN R . 7ESCHRL29 b i — 2B A AAM 52 B0 A R i 1 66 A 16 8 e
TE SR AL AT TR T Bl 5 0 R B R R AE R OF AR SE T T AAM 1 =4k Sk 3 S B0 iR
W, DA B BT = 4 S 52 3 A 5 R 3R AW 00 )5 50 G g s BE TR . AR SCHRE30 v B3 T T 2 T R
YRR 7 ok R RS . K 5T AAM By CAPP FR AR if — & 51 Log-Normal ji§ # #% 1 U8 5
FEWCH 9 216 NHEAE 43 B2k 4 A2tk SVM 23 28 4 52 B P 38 B 1Y) 4 S .

Florea A A 5| A K14 B 25 B J7 I’ (Histograms of topographical features, HoT) 23R il A& sh1E M
P AR L E AAM SR IR 66 SR 0 4R AE A rh e IS PP RS AH OG0 22 D FRRAE AT B E 5 DGR Y
D3 AR TG A B HoT FRAE 738 3 1 #% 27 2 Jy 1 0k B S 48 35 1 15 8RR ALE 05 J5 45 5 A2 ] B A 1) S 4 vl
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