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An Isolated Central Loss Method Applied in Facial Expression Recognition
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Abstract: An isolated central loss supervision method is proposed in the paper due to obscure
distinction among various samples under Softmax loss supervision. Based on the principle of
“maximum inter-class statistical dispersion and minimum intra-class statistical dispersion”, the
method consists of three parts: The fixed weight of isometric distribution is adopted to minimize
the sum of all inter-class angle cosine values and ensure the maximum distance between different
classes in angular space; The idea of central clustering is adopted to minimize the Euclidean
distance between each sample and the center of its class, so that samples in the same class would
cluster as much as possible; It aims to maximize the Euclidean distance among different classes,
that is, samples of different classes are separated from each other to the greatest extent in the
Euclidean space. The test results on the facial expression datasets FER2013, FERPlus and RAF-
DB show that the average accuracy of the isolated central loss supervision method reaches
73.02%, 88.56% and 86.26%, respectively, with an increase of 1.25%, 0.44% and 0.65%

compared with the Softmax loss function. At the same time, the method is more stable than
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Softmax loss (under the same configuration conditions, the multiple experiments results vary

less). The method takes longer than the Softmax loss, but it is still faster than other measures.

Keywords: convolutional neural network; supervision and learning; loss function; facial expres-

sion recognition
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Fig. 1 The convolutional network for our experiments
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Table 2 Performance evaluation on FERPlus database

W Tk Acc/% S
SL 88.12 0. 353
ASL 88. 17 0. 308
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ASL+CL 88. 34 0. 203
IL 88.15 0.281
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LP 88. 38 0.276
ICL 88. 56 0.192
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Table 3 Capability comparison on RAF-DB dataset

W Iy ik Acc/% S
SL 85.61 0. 324
ASL 85.58 0.271
SL+CL 86. 26 0. 288
ASL+CL 85. 47 0.194
1L 85. 49 0.182
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LP 86. 11 0. 247
ICL 86. 26 0. 180

WK By Bk H] 10-crop J5¥ 5100 X100 X 3 1y 5]
AL BT AR AR 10 18 90X 90 X3 [ G S (£ | A7 b
£ B A F AL R A3 5 sk LU B TR T BRI
()5 WD S SR J5 XX 10 7 & o 45 SR 04T
TH- 35 38 ABE 23 A e 1) 28 I Ry 1R 45
3.2 MEEMRERIKER
3.2.1 MM ARAE

AR SR SCHRL20 ] v i) 1 247 o 1 56 R AR E B2 T
bR . W EERP TN NON=10) . L N R4k
R I EAE N B AR 2 LR

N

Acc = = (12)

A Ace WER @ REEE B AR, T M % S8
WAL A0 ik A0 U1 2 R A B ML 20 A1 1Y S EAT S A ) 5
TR IR A R AT — E IR 22 BT LR H 2 I
BRSO ) | /A TN

T B BEJE N SR 45 R W ¥ 07 22 . 7 L

N
\/Z(Acc, — Ace)?
o i=1
S = N (13)

FoE BE SR T AHA I B T S A R AR (LR
S /N BB R R AR E
3.2.2  RMWIAA AR AT

ARSCICL J& 78 SL e ak - Aok, S 7 583
ICL AR, £ 5 SL R H s £ R #4735 1,
FH A - SLLASLY  SL+ CL™ | ASL+ CL,
ILM (L2SLE A LPhe?

ASCHE FER2013 .FERPlus 1 RAF-DB k% 4
AT T IR S T AR L B A iR R
1 SRR 24, HLR FH AR ] 06 10 25 28 3R R0 I 4% 2




124 [ . ]

K

%

R

Eird i 56 %

Be. ASLAUHS 8 SO/ 4R AL H b J7 35 U 2 4%

R SCHR BT 3 J5UHR 5 A7 9 5 R P

k4 HEmEBLR
Table 4 Ablation test
FER2013 FERPlus RAF-DB
W Iy ik
Acc/ % S Acc/ % S Acc/ % S
Las. 72.36 0. 348 88.17 0. 308 85.58 0.271
Las. +Le 72.23 0.188 88. 47 0.167 85. 89 0.187
Las, T Le+Lp 73.02 0.210 88. 56 0.192 86. 26 0. 180
£ FER2013 $t¥la 4k FROMEREXT LU RN 1 ff 3.2.4 M@k %k

7, ICL W 2R 3% Ace e i i85 T 73.02%, 1
SL A1l ASL 4> B4 % 7 1. 25% F1 0. 66 %, 7Efa 5
FE S J5 i, ICL W A T s A i si 0. 210, M 1 T
SL Yy 0. 422, 887+ T — % Fg BEPE e A 248 S
R T R

FERPlus 4 A /9 038 45 B an & 2 frs 767
SV R R AN RS E 7 L ICL BRUAS 1 e b 4% L 40
S J& 88.56 %0 A1 0. 192, #HELF SL A1 ASL.ICL #Y
HERRBEHE S T 0. 44 % F1 0. 39 % , HoMk e 4 FH A8 BF i
4 FER2013 I &%,

RAF-DB #4i 4 I () B XT e an 3& 3 i 7w . 76
TR B B 5 T . SL+CL A ICL (3R 51 S b i ik
] 88. 26 % fH & ICL (e E B & 0. 180, Z k. SL+
CL Wifa € 0. 288 719 %,

MR 1~3R 3 AL, SAIN F . ASL 4 F SL, SL
+CL WARE 75 . {H 2 ASL+CL 78 FER2013 % #2
JE b AR I 8RR E MRS L ASL 22, 7F RAF-DB
AR R E WAL T ASL, $i 8] ASL+CL 7 fig
Lo B Y ASL B 22, 3l J2 AR SCHR H ICL i i &
M. ICL LI ASL R atat, & 7 CL A9 B AR, 1
TN T $e KA 2 0] 25 ) BB B 0 VAR ICL £E 3 MK
P EAR B S R T ICL B4 B A ki
3.2.3 AHza#E

ICL A A A 3 B I AUE A 4. FRIE B R %
K RUAS TH S S A . SCR[13-15,17 13 B, ik
JNE AR AL I 20 SRAE ZE 0. 001~0. 01 [X Ji] H 4% &
PR PRMAS SCE B BE A i 0,005,885 2. B 1 %
10 4t 10 4ME . 78 FER2013 %4 4 b iy R 0 % 4n 5]
2(b) FT 7R » AR AS S P2 A6 1 ot il 2L SRR L A
=7 WA ] O T A

A WEHN T A 43 HIEUEO. 000 5,0.001,0. 005,
0.01 K& 0.05, 7 FER2013 %#8 % b A9 3R 51 45 5 fn
Bl 2(a) Jrm . ] 41 A, =0. 005 i 1R 50 2 .

ZE E R AR SCEERL 2, =0. 005 Fl A, =7,

http: // zkxb. xjtu. edu. cn

ICL #12k s Bl ASL #5128 Las TR Le
S BE B Ly 31X 3 3B 50 A8 i, AR UK T il 5 56
MR T Lase (ASL) . Lag + Le Ml Las, + Le + Ly
(ICL) , g5 R sk 4 s, Horp Lag +Le 5XFHLSE
By ASL+CL 2 AR A5,

73

72.1 1 1 L 1 1
0.05 0.10 0.502 1.00 5.00

10
(@Dr=7, 1 %4k

73.11
73.01
72.91
72.81
72.7

WA/ %

72,6
12.5F

72.4

(b, =0.005, &, 484k
AFEE A 2. 78 FER2013 | 9351 R
Fig. 2 Recognition accuracy over the FER2013 dataset
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