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Abstract

In this paper, we proposed a new local micro pattern, Signed Local Directional Pattern(SLDP). SLDP uses information
of edges to represent the face’s texture. This can produce a more discriminating and efficient code than other
state-of-the-art methods. Each micro pattern of SLDP is encoded by sign and its major directions in which maximum
edge responses exist—which allows it to distinguish among similar edge patterns that have different intensity transitions.
In this paper, we divide the face image into several regions, each of which is used to calculate the distributions of the
SLDP codes. Each distribution represents features of the region and these features are concatenated into a feature vector.
We carried out facial expression recognition with feature vectors and SVM(Support Vector Machine) on Cohn-Kanade and
JAFFE databases. SLDP shows better classification accuracy than other existing methods.
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Table 1. The performance of 6-class face expression Table 3. The performance of 6-class  expression
recognition for different k on Cohn Kanade recognition with different methods using SVM on
database. Cohn Kanade database.

6-class expressions(%) 6-class expressions(%)
K number Linear Polynomial RBF Feature Linear Polynomial RBF

Kernels(%) Kernels(%) Kernels(%) descriptor | Kernels(%) Kernels(%) Kernels(%)

k=1 9817 £ 060 | 99.19 + 058 | 99.40 + 052 LBP™ 915 + 3.1 915 + 3.1 96 + 29

k=4 R79 £ 067 | 99.17 £ 050 99.31 + 045 SLDP 988 * 05 985 * 08 994 * 03
= - 0| O] E{ 1| O] A 0f| A =N _ -
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Table 2. The performance of 7-class face expression )

recognition for different number of regions Table 4. The  performance ~ of  7-class _expression
9 gions. recognition with different methods using SVM on
7—class expressions(%) JAFFE database.
k number Linearo Polynorrial RBF . 7-class expressions(%)
Kernels (A) Kernels ( %) Kernels ( %) Feature Linear Polynomi al RBF
k=1 9278 + 093 | 9551 + 078 | 9621 + 0.32 descriptor | Kernels(%) Kernels(%) Kernels(%)
k=3 | 9379 + 041 | 9572 + 043 | 9620 + 067 Gabol™ | 866 = 41 | %6641 | %68 £ 36
k=4 | 9373 £ 065 | %29 + 061 | 9651 * 068 LDP? | 28+ 17 | ®w8+17 | 84:15
- SLDP 939 + 05 %4 + 05 9%5 + 07
f 7Hg £ JAAES HoFErh LDPY 45 k#kel 3
= ¥ 5 Cohn-Kanade HlO|E{ti|o] A0 RBFFHE SVM
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4 W Pe 2 A4 RelE 2 dE SLDP kit 2 0|83 6EY 2A(%) =& W (Confusion

o 29 W) b T AuE melFuk ol REE 1 atii

#3 SLDPS 9 F¥o] LDPEU} Holur] ol Table 5. Confusion matrix of 6-class  expression

LDPHL} AL Z=0] kZto @ ZHa} ofx] wek An= recognition (%) using SVM with RBF kemel

functi Cohn Kanade database.

Bsa @ 4 Qohn BUEL. Ea kglo] AosE unction on Cohn Kanade database

A= A o] 7} %01%71 L[HT,tl:oﬂ SLDP= LDPEE} & Anger | Disgust | Fear Joy Sad | Surprise

_ Anger | 99.0 0.0 0.1 0.0 0.9 0.0

9 Ao o wE 3

#4490 AER A AY wde] shesitt o7l Disgust| 02 | 997 | 01 | 00 | 00 | 00

dojxl AyE wigow B =FoME 9 SLDP Fear | 0.2 00 | 95 | 03 0.0 0.0

=2 wE AAS o3 (A9 kgre 22 AAstw A Joo | 01 | 00 | 01 | 98 | 00 | 00

. _ Sad 05 0.0 0.0 0.0 95 0.0

AE 7+S vlEro 2 nlal W72 S8)s

° Fgew vl J7ks S Surprise| 0.8 0.0 0.0 0.0 00 | 992
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Table 6. Confusion matrix of 7-class expression
recognition (%) using SVM with RBF kernel
function on Cohn Kanade database.
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Table 7. The performance of 6-class  expression
recognition with different methods using SVM on
Cohn Kanade database.
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6-class expressions(%)
Anger |Disgust| Fear Joy Sad [Surprise| Neutral Feature Linear Polynomial RBF
DA1:gg§Zt %659 5823 88 88 88 88 ?g descﬁp[)rt]or Kernels(%) Kernels(%) Kernels(%)
Fear | 02 | O | 975 | 00 | 00 | 00 | 22 LBP” 86.7 * 867 +41 | 815%51
Jovy | 00 | 00 | 01 | 99| 00 | 00 | 00 Gabor™ | &1 +50 | 81 +50 | 88 +4l
Sad | 05 | 00 [ 00 | 00 [ 982 ] 00 | 13 LDP*! 899 + 52 899 + 52 90.1 + 49
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Table 8. using SVM on JAFFE database.
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7—class expressions(%)
Feature Linear Polynomial RBF
descriptor | Kernels(%) Kernels(%) Kernels(%)
LBP" 80.7 + 55 80.7 + 55 819 + 52
Gabor™ | 797 £ 42 | 797 + 42 80.8 + 3.7
LDP® | 849 + 47 | 849 + 47 8.4 + 40
SLDP 903+ 07 | 88+ 19 906 + 1.4
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Table 9. Confusion matrix of 6-class expression
recognition (%) of the proposed method using
SVM with RBF kemnel function on JAFFE

database.

Anger | Disgust | Fear Joy Sad | Surprise
Anger | 903 2.7 0.0 0.0 70 0.0
Disgust | 2.1 94.5 0.0 0.0 34 0.0
Fear 0.0 738 87.8 0.0 34 0.9
Joy 0.0 0.0 0.0 99.4 0.6 0.0
Sad 1.0 0.0 11.9 3.2 839 0.0
Surprise| 0.0 0.0 3.7 47 0.0 91.7
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Fig. 9. The samples of similar images which are
labeled with different expressions in JAFFE.
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Table 10. Confusion matrix of 7-class  expression
recognition (%) of the proposed method using
SVM with RBF kernel function on JAFFE
database.

Anger |Disgust| Fear Joy Sad [Surprise| Neutral

Anger | 900 | 1.3 0.0 0.0 8.7 0.0 0.0

Disgust| 14 | %2 | 14 0.0 2.1 0.0 0.0

Fear | 0.0 88 | 831 | 00 6.3 1.3 0.6
Joy 0.0 0.0 00 | 981 | 19 0.0 0.0
Sad | 06 00 | 123 | 32 | 8.9 | 00 1.9

Surprise| 0.0 0.0 3.3 47 00 | 893 | 27

Neutral| 0.0 0.0 00 0.0 0.0 27 | 973
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