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A three-way decision-based ensemble pruning algorithm for
facial expression recognition

TANG Yumei, LI Danyang, CHEN Xing, WU Yiqing, HUANG Shisong

(College of Big Data and Information Engineering, Guizhou University, Guiyang 550025, China)

Abstract; By removing weak and redundant learners, ensemble pruning can significantly enhance the efficacy of
ensemble system-based facial expression recognition. However, existing methods primarily focus on either accepting
or rejecting classifiers, which results in the retention of weak classifiers or the exclusion of pivotal ones when
evaluation information is unreliable or incomplete. Additionally, relying on accuracy or diversity to evaluate the
merits of the classifier is difficult to fully reflect the true performance of the classifier. Consequently, this paper
proposed a three-way decision-based ensemble pruning algorithm (3WDEP) for facial expression recognition,
which introduced a delayed acceptance strategy to address uncertainties in classifier assessment. Simultaneously,
the concept of “predictive preference” was introduced, integrating the correlation measurement between prediction
results and actual labels, as well as accuracy and recall metrics, so as to construct an ensemble pruning information
system and comprehensively evaluate the classifier performance. The entropy weight method was used to determine
the weight of the indicators, and combined with a three-way decision, the loss of classifiers under different decision
options was considered to select the classifiers that contributed the most to the ensemble system for integration.
Recall was utilized as both a benefit attribute and a cost attribute to optimize the ensemble pruning effect.
Experimental results show that 3WDEP effectively improves facial expression recognition performance, and the
accuracy improves by 3.32% , 9.39% , 1.26% , and 4. 9% compared to the initial ensemble system on FER2013,
JAFFE, CK +, and KDEF, respectively.

Keywords : facial expression recognition; ensemble pruning; three-way decision; predictive preference ; comprehensive
evaluation

FAE R AEEAF T E R R BED Y RS S S R R RITIAR KA
YRR R M A, A, OB B WSO R G AR AT S, R, A AR
SRR EEN N U R LR, DY SRR TR AR AR G P 2 ) BT I 3, IR
B RMERZ A KA T B TERE HBIE  BIERRIL R A9 70 36 8% 14, DL R 1027 T iR

WA 2023 -08-23; A EH: 2023 -11-08; MEE %X BH: 2024 -06-25
P48 B & Ml : hitps://link. enki. net/urlid/23. 1235. 1.20240624. 1508. 004

E£mA: StMAROTHRIEH (RS T-5 A4 12018]5781)

EERN: HEM(1997—) , 2 BB A 25 P (1991—) |, o, Bl i A S0
BEEE . 2%, danyangel@ 163. com



53

JE A, A5 BT SRR IR U SR BT R T - 65+

R, Li 55N Relief-F B2 0PA% 4325 2%
PERE , 256 T R HR P 19 4 n Y B7 1 4R T
FHEMZFEE ; Huang 557 42 116 T RS HRAR 10
S BTATTIE AR R T A AR R BE A AR
Gk, (HEUA BN E T B R 2 i 4570 26
i, YV E B AT SR SRR, b S 8 7 2R A%
Wl B G 7 2R A W A B, PR AR A LR SR RE
TIAh, TR BT A T R A PR 2 2 A 00 25 I A
WERR R B S REEE b, M L 42 THT VB b S W 53 25 2%
SR, =S PIR J— R ety A R
PEOLSR B RT3 7 ik . RO IR AR AR S
BRIZZMHELE SN 10 51 A T HER SR AR 5 = Fh
NEPRFEEIR, B A A R A R TR XU K e
AN RE PR B DR SR TR, 2% 7 3 3 e PP A
Wi F 2N IR RS R , O B PRI T AL,
AP I A] AL 3 24N R PR A 1) B 36, PR
PRI ST W AT RS A, £33 T e 1) B A L 5
Wit LR TR SR A R

D, AR SO LT = SR SR A A IR I A I
BIACAYL (3WDEP) | 5 vkl iod 3] 7373 e A (4 1%
IR BT S R A, A Ok e TR AR
IPEARHIE H A BR O 55 0 R AR R A IR R L )
I AR < B RAE RN B2 4R ER R
LB AL E RS TR AR, 45 = SO IR BB 23
B AN R PR LT T 1 73 S0t K, 2 4 X B 1
R YTk IR K 0 26405 148, LEAL R TR B R 5
PERE, R A 15 W A P A XL
o, e — B A R AR L AR, SR THABIRCR

1 FEARER

1.1 HEZEMEEE
EX1 U RIBE L RE U EMSENER,H
FA SN IR (2] 0 B O<B<a<I W VXCU,
AR AR b AR50 M
Apr(X) ={xeU[P(X|[x])=al (1)
Apr(X) = {xeU[P(X|[x],) >B}  (2)

ﬁ*fu[ﬂa=%hmxﬁm$ﬁ%$aaa

BN G x BA R MK 2], IR, I8 T2
X B, MEERDRE SRR IR U R4 TR
POS(X) 155 BND (X) A48 NEG (X)) , 43 5%

IS e BRI B FEAUHIR 4873, i
POS(X) =Apr(X) = {x e U|P(X[[x],) =a} (3)
BND(X) =Apr - Apr(X) = |xe U|<P(X|[x],) <al
(4)

NEG(X) = U - Apr(X) = |x e U|P(xX|[x],) <BI
(5)
1.2 = RFRHEE

Yao ' 5 A DU RIS N Fak 3 A4S X k41
s iR, BEOREE Q= (X, - X| BRI L)ET
XEART X;A=1A,,A,, A} HATEhEE, Hb A, |
Ay FA A3BI%F R ISR POS(X) 5k BND (X) 1 it
BNEG(X) BIPRENE, £ 1 0 EiRE S shVExT
JOf 4 28 LA R BREI, Ay R A, L AP EROR v e XA

x ¢ XWPRIRHATE) A, BIBUAS

*1 BEEH

Tab.1 The loss function

ik X —X
AP )‘P, AP 3
Ay Ag, Ag .
AI\ )‘N, )‘N &

BEL(A, [[x],) (= =P B.N) JREGRHAT 3]
A, BTG | o DL ISy e SR P n] A5
L(AP‘ [x:IR) :/\P,EP(X‘ [x:lze> +/\P,¢P(ﬁX‘ [xJR)
(6)
L(AB ‘ [x:IR) :/\’B,EP(X‘ [x:lze> +)‘B,¢P(“X‘ [x:IR)
(7)
L(Ay [ [x]p) =Ag cP(XT [x] ) + Ay P(=X] [2],)
(8)
AR DL e SR e, e AR SRR /N A
Ry A5 L(Ay [ [x]) <L(Ag | [x]) B L(A, [ [x],)
<L(Ay | [x],) )] x e POS(X)
RB:%L(AB ‘ I:x]R> sL(AP‘ [x]R>ﬁL<AB ‘ [x:lze)
<L(Ay|[x]z) )0 x € BND(X)
RNI%A‘L<AN ‘ [xJR) <L(4, ‘ I:x]R>E—L(AN ‘ I:x:IR>
<L(Ay | [x]) JU] x e NEG(X)
B Ay SAp L <Ay Ay, SAy L <A, P(X [x]g)
+P(—X | [x],) =1, WISEHLI AT e .
RP’Z%P<X‘ [x];) =« HP(X‘ [x]r) =, M
x e POS(X)
Ry :#5 P(X|[x],) sa H P(X|[x],) =B,
x € BND(X)
Ry 4 P(X|[x] ) <BH P(X[[x];)<n,M
x e NEG(X)
Hor  BA o B.m T4 B AHRTE, 43
BIA ;
/\P ¢ _/\B [
a:(/\P,e _)\B,;)+<)‘,B,e_)\P,e) (9>
Ap o = Ay g
SO P W B O

(10)



- 66 - T S N AP NI 558 45
. Aoy <A 1y CAee) U Recall) (051209 (457 B

(Are =Ane) + (A=A HESE DB R4 B S AR T 4518
ﬁuu—MﬁNMﬁ—Mf%%Mi;MJ FRAOATE w,; SRR, R HH R4 25 €, 7E AT
(.o =h o) MOSB <n<astUIRAIMBIS: yosge (pe 1@ 128 F WOHIRHI S R BOR
§w§;g£;> ?f%?mﬁgu» PRI (0, £,) I ARIEFLER) 53R €, )7 5
B R a, Nl xe e N e - N Mok B

b P ]y ke NEG) BORIE X 2 I S8R 06 3R VP 1846 B8 T S

2 3WDEP # A

ARSCHTHRE SWDEP A5 1) 475 k73 28 45 W A% £ |
Iy RASERE B AR 3 TR, AR
BT, SEE LB 4F (PP) |, I35 T 45
5 TP bR A 2Z 8] AR B AR SR (Cor) (MER R

Ji , ARSI 5 D3 B = (] Y 56 3R B o e
%1434 POS(X) .BND (X) Fll NEG ( X)3 /N IX 3, i
FHZ NEG (X)) KI 73 S8 2338 IR 14 pe 5 4t
Je PRI, EAEHIR NEG (X) 4y 2K 88 T4, 1t
R AR PR AR I HE T, e AR fe /s
[ top-k D EARIEATHE RN, BRI 1 s,

SO KR {mmm HECEE """""""i

1 1

l : c !

& | i ﬁ%%&nﬁc i

. ) BIER :

A g R SR SN RN DN N

XL RIS (et} |

\axmiwc) | '“““““““““““““"E

1 ]

1 1

i 5 C I Bk L5 RO ¢ E

T - i ] i

1 1 1 1

i L ; \ 5

(e ] | [ BEAICE R E
i i o

i [ KB ] P fhi 5

1 1 1 1

1 1 1 (]

i ll Ismm% R o |

] 1 1

i . . i | [POSCO(HESE) | BNDO)(H14E##5%) | NEGUO (4|
1 1 1

1 [ ] 1 1 1

R N I o g l |

b emEsxses | IKC] #E H |

[ 1

E1

ETF =R RMRBIRNERNTF A ERER

Fig. 1  Flowchart of facial expression recognition ensemble pruning method based on three-way decision
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Fig.6 Base classifiers distribution map before and after ensemble pruning
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Tab. 8 The impact of PP and absence of PP on the

experimental results

Baseline no_PP with_PP
MR BoE MERER BuE MEER o
JAFFE  0.4225 231 0.5117 134 0.5164 134

Dataset

CK + 0.7578 231 0.7711 142 0.7704 149
KDEF  0.7163 231 0.7571 55 0.7653 49

FER2013  0.7035 231 0.7347 20 0.7367 27
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Tab.9 Comparisons between 3WDEP and other ensemble pruning methods

FER2013 JAFFE KDEF CK +

HERf R e MR e MR e MR Kokt

Baseline 0.7035 231 0.4225 231 0.7163 231 0.7578 231
comEP 0.7108 209 0.5070 3 0.7204 209 0.7592 224
CSLSEP 0.7359 29 0.5117 133 0.7612 50 0.7717 143
RE?!) 0.7314 53 0.5023 101 0.7571 9 0.7592 151
DREP(?) 0.7320 29 0.4695 116 0.7551 105 0.7645 114
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