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Locality Preserving Based Kernel Dictionary Learning for Sparse Representation

CHEN Si-Bao1, 2 ZHAO Ling1, 2 LUO Bin1, 2

Abstract In order to further improve the classification performance via kernel tricks, two new kernel dictionary learning

methods are proposed for sparse representation, which are extended from dictionary learning via locality preserving

for sparse representation (LPDL). First, the original training data are projected into a high dimensional kernel space,

then locality preserving based kernel dictionary learning for sparse representation (LPKDL) is proposed. Second, the

kernelized locality preserving criterion is imposed on the sparse coefficients, and then the kernelized locality preserving

based kernel dictionary learning for sparse representation (KLPKDL) is proposed. Experimental results show that the

proposed methods are superior to other methods on classification performances.
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J�)î�KǑ. Ïd, I��âÔö��ÆSÑ��;n���\·Ü©a�i;.i;�±´ïá3êâþ�êÆ�., Ǒ�±��lêâ¥��. �þ¢�L², �'u���^��ýk�½�i;, �^lÔöêâ¥ÆSÑ�i;ò¬�����Ǒ;n�L«, lBu�Ï�Ø ?èÚ©a£O. 8, Ñy
Nõ^uã�?nÚ©a��¡�i;ÆS�{, �^�õ�´�`��{[5] Ú K ÛÉ�©)�{[6]. 2011, Yang �[7] JÑ
��Äu¤���OOK�DÕL«i;ÆS�{ (Fisher discrimination dic-

tionary learning, FDDL). T�{|^ØÓaOÔö���m��O&E, 3i;ÆS�8I¼êþr\DÕXê�¤���O�å, �ÆSÑ�i;¤éA�DÕXêäk���aSlÑÝÚ���amlÑÝ, l4i;äk�r��OL«Uå. ,, =O\DÕXê�¤���O�å, ¿ØU�Ñ�±�©Ôö��ÛÜ�O&E�i;.Ïd, /ÏÛÜ�±ÝK (Locality preserving pro-

jections, LPP)[8] �±ÛÜ�A5, 3DÕL«�i;ÆS¥O\ÛÜ�±��å, �g��[9] JÑ
ÛÜ�±�DÕL«i;ÆS (Locality preserving

dictionary learning, LPDL) �{.
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^����f��/L«�©Ôö��, ¤±Ù�©Ôö���Ôö�{�'�. C5, �XØE|3|±�þÅ¥�¤õA^, Ø¼ê{®²Úå
4��'5. Ø¼ê{´�òêâN����p��êâAÆ�m¥, ±Jp�5ÅìÆS�O�5U, lJøÑ���À�)û�Y. ù«�{Ǒ2�A^u�ª£O¥, XØÌ¤©©Û[10]!Ø¤���O[11]!Ø���5�O©Û[12]�. Gao �[13] rØE|A^�DÕL«¥, JÑ
ØDÕL« (Kernel-based sparse representation,

KSR) �{; Zhou �[14] $^ØE|JÑ
ÄuØDÕL«�^�£O�{; Yin �[15] rØE|�DÕL«©a�(Ü, JÑ
ÄuØDÕL«�©a�{.ÉØE|�éu, 3ÛÜ�±�DÕL«i;ÆS�Ä:þ, JÑ
ü«Øz�DÕL«i;ÆS�{. Äk, �©Ôö��lêâAÆ�mN��p�Ø�m¥, &¢Ñ�«ÄuÛÜ�±�ØDÕL«i;ÆS (Locality preserving based kernel

dictionary learning, LPKDL) �{; ,�q3 LP-

KDL �Ä:þ, éDÕXê�ÛÜ�±�å?1Øzí2, JÑÄuØÛÜ�±�ØDÕL«i;ÆS (Kernelized locality preserving based kernel

dictionary learning, KLPKDL) �{, =3Øi;ÆS�Ä:þæ^ØÛÜ�±�å, �¤ÆS�i;�\äk�OUå, ¿Jp
Ù3©a£O¥�£O5U.�©�(�´: 1 1 !0�DÕL«©a!ÛÜ�±�DÕL«i;ÆS�{±9²;Ø¼ê��'SN; 1 2 !�[�ÑÄuÛÜ�±�ØDÕL«i;ÆS9Ù`z�)�{; 1 3 !0�ÄuØÛÜ�±�ØDÕL«i;ÆS9Ù`z�)�{; 1 4 !©Û�©JÑ� LPKDL Ú KLPKDL�O�E,Ý; 1 5 !0�¢�ëê�ÀJ, ¿3xÔ'æã�êâ¥!AR (Aleix and Rober) êâ¥Ú*��° B êâ¥þ?1�þ�¢�, ±�y�©JÑ� LPKDL Ú KLPKDL �©a5U; 1 6!´o(.

1 �'ó�
1.1 DÕL«©a{0

SRC ��d Wright �[2] JÑ, ¿A^u°�5<ò£O. b½k c �aO�Ôö8 A =

[A1, A2, · · · , Ac], Ù¥ Ai ´a i �Ôö��f8, xxx´��ÿÁ��, K SRC Ï� xxx ÄuÔö���DÕ�5�, ¿�â�a��Ø���?1©a,ÙL§Xe:

Ú½ 1. |^ l1 �ê��zDÕ?è xxx, =:

α̂αα = arg min
α

{‖xxx − Aααα‖
2

2 + λ‖ααα‖1} (1)ª¥, N!ëê λ > 0.Ú½ 2. ©a:

l(xxx) = arg min
i

{ei} (2)ª¥, l(xxx) ´ xxx �©a(J, ei = ‖xxx − Diα̂ααi‖2, α̂ααi´éAua i �Xê�þ, α̂αα = [α̂αα1, α̂αα2, · · · , α̂ααc].

1.2 ÛÜ�±�DÕL«i;ÆS{0
LPP[8] Ø=U�±�©êâ�ÛÜ(�, �U�C���êâ�\äk�O&E. LPDL[9] /Ï LPP �ù�A5, 3DÕL«�i;ÆS¥r\ÛÜ�±��å, ��Cêâ:�?èXêǑ�±C�'X, l�ÆSÑ�i;�\�±�©Ôö���ÛÜ&E.b�DÕL«i; D = [D1,D2, · · · ,Dc], Ù¥, Di ´a i �fi;, Ôö��8Ǒ A, Y ´

A 3 D þ�?èXêÝ
, Y = [Y1, Y2, · · · , Yc],= A ≈ DY , Yi ´ Ai 3 D þ�?èXêfÝ
,

LPDL �8I¼êXe:

J(D,Y ) = arg min
(D,Y )

{r(A,D, Y )+

λ1‖Y ‖1 + λ2f(Y )} (3)ª¥, r(A,D, Y ) Ǒ�O�ý�, ‖Y ‖1 ǑDÕ5�å�, f(Y ) ǑN\3XêÝ
 Y þ�ÛÜ�±�å�, N!ëê λ1 > 0 Ú λ2 > 0.

1.3 ²;Ø¼ê{0b�Ø¼ê Φ : R
p → F ǑêâAÆ�m R

p �p�Ø�m F ���5N�, ÙØ�m¥ Φ(x) � Φ(y) ü:�m�SÈ½ÂǑ
〈Φ(x),Φ(y)〉 = KΦ(x, y). KΦ(x, y) ~�¡�ǑTØ�m¤éA�Ø¼ê. KTØ�m¥��ê½ÂǑ ‖Φ(x)‖

2
= 〈Φ(x),Φ(x)〉 = KΦ(x, x). ~��Ø¼êǑpdØ KΦ(x, y) = exp(−‖x − y‖2/γ) Úõ�ªØKΦ(x, y) = (xy +1)d. N!ëê γ > 0 Ú

d > 0.�©Ì��Ä3Ø�m¥�DÕ?è Φ(A) =

Φ(D)Y , Ù¥ A = [A1, A2, · · · , Ac] ´�©�m¥�Ôö��8, D = [D1,D2, · · · ,Dc] ´�©�m¥�DÕL«i;, Y = [Y1, Y2, · · · , Yc] ´Ôö��8 A �ØN� Φ(A) 3i; D �ØN� Φ(D)þ�?èXêÝ
. ·��8I´ÏLÔö��8
A, |^ØE|éÑ��QU�±�©êâ�ÛÜ&E, qUäkr�OUå�i; D.
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2 ÄuÛÜ�±�ØDÕL«i;ÆSǑ
/ÏØE|Jpyki;ÆS�5U, ¿�F"ÆSÑ�i;Ø=U�±�©êâ�ÛÜ(�, �U�\äk�O&E, �©JÑ
�«ÄuÛÜ�±�ØDÕL«i;ÆS�{.b�Ø¼ê Φ : R
p → F ǑêâAÆ�m R

p�p�Ø�m F �ØN�, ÙØ¼êǑ KΦ(·, ·).b� Y ´Ôö��8 A �ØN� Φ(A) 3i; D �ØN� Φ(D) þ�?èXêÝ
, PǑ
Y = [Y1, Y2, · · · , Yc], = Φ(A) = Φ(D) · Y . Yi ´
Φ(A) 3 Φ(D) þ�?èXêfÝ
, F" D Ø=äk A �k���Uå, �äk�± A ¥���ÛÜ&EUå. Ïd, ©¥JÑ LPKDL �.Xe:

J(D,Y ) = arg min
(D,Y )

{r(Φ(A),Φ(D), Y )+

λ1‖Y ‖1 + λ2f(Y )} (4)ª¥, r(Φ(A),Φ(D), Y ) Ǒ�O�ý�, ‖Y ‖1 ǑDÕ5�å�, f(Y ) ǑN\3XêÝ
 Y þ�ÛÜ�±�å�, N!ëê λ1 > 0 Ú λ2 > 0. ©¥Ì�?Ø�O�ý� r(Φ(A),Φ(D), Y ) 9ÛÜ�±�å� f(Y ) ��O¯K.

2.1 �O�ý�d¡½Â��, Yi ´Ôö��f8 Ai �ØN� Φ(Ai) 3i; D �ØN� Φ(D) þ�L«, PǑ Yi = [Y 1
i , · · · , Y j

i , · · · , Y c
i ], Ù¥ Y j

i ´ Ai �ØN� Φ(Ai) 3fi; Dj �ØN� Φ(Dj) þ�?èXêÝ
. � Φ(Ai) 3fi; Φ(Dj) þ�L«Ǒ
Φ(Rj) = Φ(Dj)Y

j
i . Äk, Φ(Ai) �±� Φ(D) L«, =:

Φ(Ai) ≈ Φ(D)Yi =

Φ(D1)Y
1

i + · · · + Φ(Di)Y
i

i + · · · + Φ(Dc)Y
c

i =

Φ(R1) + · · · + Φ(Ri) + · · · + Φ(Rc)Ùg, ÏǑ Φ(Di) ´éAu1 i a�fi;, ¤±·�F" Φ(Ai) U��/d Φ(Di) L«, Ø´d
Φ(Dj), j 6= i L«. ǑÒ´`, F" Y j

i Xê�Cu
0, = ‖Φ(Dj)Y

j
i ‖

2 v
�. ¤kk�Xêþ3 Y i
i¥, � ‖Φ(Ai) − Φ(Di)Y

i
i ‖

2 Ǒv
�. Ïd½Â��z�O�ý�Xe:

r(Φ(Ai),Φ(D), Yi) = ‖Φ(Ai) − Φ(D)Yi‖
2
+

‖Φ(Ai) − Φ(Di)Y
i

i ‖
2+

c
∑

j=1,j 6=i

‖Φ(Di)Y
j

i ‖
2 (5)

Ù¥,

‖Φ(Ai) − Φ(D)Yi‖
2

=

tr[Φ(Ai) − Φ(D)Yi]
T[Φ(Ai) − Φ(D)Yi] =

tr[Φ(Ai)
TΦ(Ai) − Φ(Ai)

TΦ(D)Yi−

Φ(D)TΦ(Ai)Yi
T + Yi

TΦ(D)TΦ(D)Yi] =

tr[KΦ(Ai, Ai) − 2KΦ(Ai,D)Yi+

Y T
i KΦ(D,D)Yi]

‖Φ(Ai) − Φ(Di)Yi
i‖

2
=

tr[Φ(Ai) − Φ(Di)Yi
i]T[Φ(Ai) − Φ(Di)Yi

i] =

tr[KΦ(Ai, Ai) − 2KΦ(Ai,Di)Yi
i+

(Yi
i)TKΦ(Di,Di)Y

i
i ]

c
∑

j=1,j 6=i

‖Φ(Di)Y
j

i ‖
2

=

c
∑

j=1,j 6=i

tr[(Y j
i )

T
Φ(Di)

TΦ(Di)Y
j

i ] =

c
∑

j=1,j 6=i

tr[(Y j
i )TKΦ(Di,Di)Yi

j]ª¥, ‖Φ(Ai) − Φ(D)Yi‖
2 �N
Ôö�� Ai �ØN� Φ(Ai) 3i; D �ØN� Φ(D) þ��5�Uå, ‖Φ(Ai) − Φ(Di)Y

i
i ‖

2 �N
 Ai �ØN� Φ(Ai) �±� Di �ØN� Φ(Di) L«�Uå,
∑c

j=1,j 6=i
‖Φ(Di)Y

j
i ‖

2 �N
ØÓaO�i;Ø¹k�q�L«&E.

2.2 ÛÜ�±�å��¤kÔö��Ǒ {xxxi}
n

i=1, �E��¹k n �º:�ã G, z�º:L«��Ôö��. P W Φ Ǒ G �>�9ØÝ
, W Φ =

[W Φ
11,W

Φ
12, · · · ,W Φ

ij , · · · ,W Φ
nn]. Ù¥, W Φ

ij Ǒë�º: i Ú j �>���, Xe¤«:

W Φ
ij =















exp{−
1

σ
tr[(Φ(xxxi) − Φ(xxxj))

T(Φ(xxxi)−

Φ(xxxj))]},xxxi ∈ Nk(xxxj) orxxxj ∈ Nk(xxxi)

0, Ù� =















exp{−
1

σ
tr[KΦ(xxxi,xxxi) − 2KΦ(xxxi,xxxj)+

KΦ(xxxj,xxxj)]},xxxi ∈ Nk(xxxj) orxxxj ∈ Nk(xxxi)

0, Ù�Ù¥, Nk(xxxi) Ǒ xxxi � k C�8Ü. Ǒ�²L?è��Xê yyyi �±�êâ: xxxi �ÛÜ&E, ©¥æ^��zXe�8I¼ê:

min
y

∑

i,j

‖yyyi − yyyj‖
2
W Φ

ij (6)



2298 g Ä z Æ � 40ò=XJ xxxi Ú xxxj 3�©�m¥�ål�C, �oF"?è��Xê yyyi � yyyj �ålǑéC. Ǒ
Or�O5U, XJ3�ïC�ã G �, ò xxxi � k C�
Nk(xxxi) ��ǑÙÓ�aOS� k C�, ==�±ÓaOS�êâ:�m�ÛÜC�'X¿ïØÓaOêâ:�m�ÛÜC�'X, 3¢�¥�±Jp�O5U[16].P L = SΦ − W Φ Ǒ>�Ý
 W Φ �.Ê.dÝ
, éÆÝ
 SΦ = diag{SΦ

11, S
Φ
22, · · · , SΦ

nn},

SΦ
ii =

∑n

j=1 W Φ
ij , Kk 1/2 ×

∑

i,j
‖yyyi − yyyj‖

2
W Φ

ij =

tr(Y LY T).½Âi;ÆS¥�ÛÜ�±�å� f(Y ) Ǒ
tr(Y LY T), K f(Y ) ´�K½�. Ǒ
� f(Y ) ´�½���\²w, ©¥3 f(Y ) ¥\\��²w�
‖Y ‖

2

F, K f(Y ) �L«Ǒ:

f(Y ) =
1

2

∑

i,j

‖yyyi − yyyj‖
2
W Φ

ij + η‖Y ‖
2

F =

tr(Y LY T) + η‖Y ‖
2

F (7)ª¥, Y = [yyy1, yyy2, · · · , yyyn], N!ëê η > 0. f(Y )´��à¼ê.

2.3 LPKDL�.òª (5) Úª (7) �\ª (4) ¥, ��� LP-

KDL 8I¼êXe:

J(D,Y ) = arg min
(D,Y )

{

c
∑

i=1

r(Φ(Ai),Φ(D), Yi)+

λ1‖Y ‖1 + λ2(tr(Y LY T) + η‖Y ‖2
F)

}

(8)

2.4 LPKDL�`z�)ª (8) LPKDL 8I¼ê�`z¯K�±=zǑ�½ D 5�# Y Ú�½ Y 5�# D ü�f¯K. �©æ^Xe�{�OS�`z�)i; D ÚDÕXê Y .

1) �½i; D �)Xê Y . �ÏLòª (8) ¥�8I¼ê J(D,Y ) {zǑ��DÕ?è¯K5�)
Y = [Y1, Y2, · · · , Yc]. �©ÏLa�a�m�'XO� Yi. ��ïã G �� k C�Ǒ��3ÓaOS� k C��, ØÓaOêâ:�m�9Ø� W Φ

ijǑ 0, K�O� Yi �, ¤k� Yj(j 6= i) þ�½, Ïdª (8) �?�Ú{zǑ:

J(Yi) = arg min
(Yi)

{r(Φ(Ai),Φ(D), Yi)+

λ1‖Yi‖1 + λ2fi(Yi)} (9)

ª¥, fi(Yi) =
∑

yj,yk∈Yi
‖yj − yk‖

2
W Φ

jk + η‖Yi‖
2

F,

Yi ´�©l�. d� fi(Yi) éu Yi ´î��à¼ê, =ª (9) ´à�, Ù¤k� (Ø ‖Yi‖1 	) Ñ´��©�. Ïd, �©æ^S��±ÝK (Iterative

projection method, IPM)[17] 5�)ª (9).

2)�½Xê Y �)i;D. =ÏLa�a�m�'X5�# Di. ��# Di �, ¤k� Dj(j 6= i)þ�½. Ïdª (8) �{zǑ:

J(Di) = arg min
(Di)

{‖Φ(A) − Φ(Di)Y
i−

c
∑

j=1,j 6=i

Φ(Dj)Y
j‖2 + ‖Φ(Ai)−

Φ(Di)Y
i

i ‖
2 +

c
∑

j=1,j 6=i

‖Φ(Di)Y
i

j ‖
2} (10)ª¥, Y i ´ Φ(A) 3 Φ(Di) þ�?èXê.��5`, ��i; Di �z�� dddl

i Ñ´��ü �þ, = ‖dddl
i‖ = 1. ª (10) ´���g5y¯K, �ÏLÄuàÜòÆS�DÕL«©a (Meta-

face learning based sparse representation classifi-

cation, MLSRC)[18] �{5�). �� LPKDL `zS�Ú½Xe, {PǑ�{ 1.Ú½ 1. �©zi; D, ±�Å�þ�©zi;
Di ¥�z���f.Ú½ 2. �#DÕ?èXê Y , =�½i; D, |^ IPM[17] �{��zª (9) 5�)
Yi, i = 1, 2, · · · , c.Ú½ 3. �#i; D, =�½DÕ?èXê
Y , �^ MLSRC[18] �{, 5�#i; Di, i =

1, 2, · · · , c.Ú½ 4. e��S�¥� J(D,Y ) �m�Ø��uK� s, ½®²��
S���ê T , K�{Ê�;ÄK, �£Ú½ 2.

3 ÄuØÛÜ�±�ØDÕL«i;ÆSC5, õ�ïÄ(JL², ØÛÜ�±�å�±��'~5�ÛÜ�±�å���5UJ,. Øz��OÛÜ�±�<ò£O�{[19] é�O�ÛÜ�±?1Øz�å, Ø=�±
��5Ø�m¥aS���ÛÜAÛ'X, �¿©�Ä�am���ål, l¼�
�õ��O&E; ÄuØz�ÛÜ�±�©�©a�{[20] éÛÜ�±?1Øz*�, �y
T�{�'uÙ�©a�{3£O5Uþké�J,. He �[8] 3ÛÜ�±ÝK¥é
LPP ?1
Øz�*�, =ÏLØN�r�©�m�ÔöêâN��p�Ø�m¥, ¿¢��y
Øz� LPP �±�3�õ�ÛÜ&E, �ké��£
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¼��k��DÕL«Xê±9�±�©êâ�ÛÜ&E(�,·�éDÕXê�ÛÜ�±?1Øz�å, =3ÄuÛÜ�±�ØDÕL«i;ÆS�Ä:þ, éDÕXêr\ØÛÜ�±�å, JÑ�«ÄuØÛÜ�±�ØDÕL«i;ÆS�{. b�ØN�¼ê
Ψ : R

m → G ǑêâAÆ�m R
m �p�Ø�m

G ���5N�, ÙØ¼êǑ KΨ(·, ·). XJrÛÜ�±��å?1Øzí2, �I�Øz±e8I¼ê:

min
y

∑

i,j

‖Ψ(yyyi) − Ψ(yyyj)‖
2
W Φ

ij (11)÷^¡�ÎÒ: L = SΦ − W Φ, SΦ =

diag{SΦ
11, S

Φ
22, · · · , SΦ

nn}, K:

1

2

∑

i,j

‖Ψ(yyyi) − Ψ(yyyj)‖
2
W Φ

ij =

tr(Ψ(Y )L(Ψ(Y ))T) =

tr(LKΨ)P g(Y ) ǑØÛÜ�±�å�, ½ÂXe:

g(Y ) =
1

2

∑

i,j

‖Ψ(yyyi) − Ψ(yyyj)‖
2
W Φ

ij +

η‖Ψ(Y )‖2 = tr[Ψ(Y )L(Ψ(Y ))T]+

ηtr[(Ψ(Y ))TΨ(Y )] = tr(LKΨ + ηKΨ) (12)ª¥, Y = [yyy1, yyy2, · · · , yyyn], N!ëê η > 0.O�ÛÜ�±�å� f(Y ) ǑØÛÜ�±�å� g(Y ), =òª (5) Úª (12) �\ª (4) ¥, ��� KLPKDL 8I¼êXe:

J(D,Y ) = arg min
(D,Y )

{

c
∑

i=1

r(Φ(Ai),Φ(D), Yi)+

λ1‖Y ‖1 + λ2tr(LKΨ + ηKΨ)

}

(13)Ù`zS��{aqu1 2.4 !¥ LPKDL �`z�)�{, Ú½Xe, {PǑ�{ 2.Ú½ 1. 3�½i; D �)Xê Y ��ã, ª
(13) �8I¼ê�?�Ú{zǑ:

J(Yi) = arg min
(Yi)

{r(Φ(Ai),Φ(D), Yi)+

λ1‖Yi‖1 + λ2gi(Yi)} (14)ª¥, gi(Yi) = tr(LKΨ +ηKΨ). du²LØ¼ê�C�, KΨ = Ψ(Y )TΨ(Y ) ¥� Yi Ú Yj �3Ü©�p�È�/ª, ��Ó�é¤k� Y ?1�#�3

(J. Ǒ
��Cq�)Ú?1{zO�, Yj(j 6= i)�½Ǒþ�ÚS���. ��ïã G �� k C�Ǒ��3ÓaOS� k C��, ØÓaOêâ:�m�9Ø� W Φ
ij Ǒ 0, KØÛÜ�±�å� (12) �òØÓ� Yi ©lm5, =:

gi(Yi) =
∑

yj ,yk∈Yi

‖Ψ(yyyj) − Ψ(yyyk)‖
2
W Φ

jk + η‖Ψ(Yi)‖
2Ú½ 2. 3�½Xê Y �)i; D ��ã, ª

(13) �{zǑ:

J(Di) = arg min
(Di)

{‖Φ(A) − ΦDiY
i−

c
∑

j=1,j 6=i

Φ(Dj)Y
j‖2 + ‖Φ(Ai)−

Φ(Di)Y
i

i ‖
2 +

c
∑

j=1,j 6=i

‖Φ(Di)Y
i

j ‖
2} (15)Ù¥, Y i ´ Φ(A) 3 Φ(Di) þ�?èXê.

KLPKDL �`zS��{aqu�{ 1, =r�#DÕ?èXê Y �ã�ª (9) �UǑª (14).

4 O�E,Ý©ÛP p Ǒ�©Ôö���ê, n Ǒ�©Ôö��ê, m ǑDÕi;�fê. �©JÑ� KLPKDL�éu LPKDL =I�ýkO�ØÝ
 KΨ, Ù�{O�E,ÝǑ O(mn2).3�½i; D ^ IPM[17] �#DÕXê
Y �, I�O� J(Yi) �FÝ. Ù¥, ØÝ

KΦ(A,A)!KΦ(A,D)!KΦ(D,D) Ú>�Ý

W Φ(.Ê.dÝ
 L) �±JO��, Ù�{O�E,Ý©OǑ O(pn2)!O(pnm)!O(pm2) Ú
O(pn2). �O�ý�FÝ ∇r(Φ(Ai),Φ(D), Yi) ��{O�E,ÝǑ O(nim

2 + m3
i +

∑

j 6=i
m2

jni), ÛÜ�±�å�FÝ ∇fi(Yi) ��{O�E,ÝǑ
O(nmni). Ïd, �� J(Yi) �FÝ�{O�E,ÝǑ O(nmni + nim

2 + m3
i +

∑

j 6=i
m2

jni), l���½i; D �#Xê Y ��{O�E,ÝǑ
O(t1(n

2m+nm2 +
∑c

i=1(m
3
i +

∑

j 6=i m2
jni))). Ü¿Ó?O�O�E,Ý, ���½i; D �#Xê Y��{O�E,Ý O(t1(n

2m + nm2)), t1 Ǒ�#Xê Y �SÌ�S�gê.�½Xê Y æ^ MLSRC[18] �)i; D �,�#z��i;�f dddl
i ��{O�E,ÝǑ

O(np + nip). Ïd, ��i; D �#��{O�E,ÝǑ O(mnp), l�����{ 1 ��{O�E,ÝǑ O((t1(n
2m + nm2) + mnp)t2), t2 Ǒ�#i;��#DÕ�OS��gê. �{ 2 ='�{ 1 ��{O�E,Ýõ O(mn2).
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5 ¢�ëê�(J©Û
5.1 ¢�êâ¥¢�æ^ÄuDÕ��©aüÑ. Ǒ
�¢��\�Æ, ·�é FDDL[7] Ǒæ^
Ó��ü«Øz�{, =é�©êâ?1Øz�Äu¤���O�ØDÕL«i;ÆS (Fisher discrim-

ination kernel dictionary learning, FDKDL) ÚéDÕXê?1Øz�ÄuØ¤���O�ØDÕL«i;ÆS (Kernelized Fisher discrimina-

tion kernel dictionary learning, KFDKDL). ¿±
SRC[2]!KSR[13]!K ÛÉ�©) (K-singular value

decomposition, K-SVD[6]!FDKDL!KFDKDL Ú
LPDL[9] ǑÄO�{, '��«�{�©a£OO(Ç.

5.1.1 xÔ'æ�Æã�êâ¥xÔ'æ�Æã�êâ¥[21] �¹ 20 �ÔN�
1 440 Ìã�, z�ÔN^=�±, z� 5◦ æ8�Ìã�, �k 72 Ìã�. ã 1 ´xÔ'æ�Æã�¥¥�Ü©��. ¤k�ÔNã�²L�ó}à¿� �� 32×32 ��, =^�� 1 024 ���þL«.·�À�z�ÔN� 10 Ìã��ǑÔö8, Ù{�ã��ǑÿÁ8.

ã 1 xÔ'æ�Æã�¥¥�Ü©��ã
Fig. 1 Some sample images in database of

Columbia University

5.1.2 ARêâ¥
AR êâ¥[22] �) 126 <� 4 000 Ì�¡<òã�. Ù¥, z<� 26 Ìã�þû�u 2 �ØÓ�|µ, ÀJf8 1 �ǑÔö8, Tf8�) 50 �I5Ú 50 �å5û�uØÓ1ìÚØÓL�Cz^�e� 7 Ìã�; f8 2 ^�ÿÁ8[2], �)Úf8

1 �Ó�µ^�ez<� 7 Ìã�. ¤k�<òã�²L�ó}à¿� �� 60 × 43 ��.

5.1.3 *���°Bêâ¥*���° B êâ¥[23] �¹
ØÓ1ì^�e 38 <� 2 414 Ì�¡ã�. ¤k�<òã�²L�ó}à¿� �� 32× 32 ��. òTêâ¥y©¤ 5 �f8: f8 1 �¹
g,1ì^�e� 266Ìã� (z< 7 Ì), f8 2 Úf8 3 ©O�¹
¥�½�Ý1ì^�ez<� 12 Ìã�, f8 4 (z< 14 Ì) Úf8 5 (z< 19 Ì) K©O�¹
3î1ìÚ�î1ì^�e�ã�[23], Xã 2 ¤«.

¢�¥, ·�æ^f8 1 �ǑÔö8, Ù�f8�ǑÿÁ8.

ã 2 *��° B êâ¥�f8y©ã~[23]

Fig. 2 Samples of subsets divided from

extended YaleB database[23]

5.2 ëêÀJ�KǑ�©JÑ� LPKDL Ú KLPKDL �{¥���ëê´�Kzëê λ1!λ2!η ÚØ¼ê¥�ëê, e¡?Øù
ëêé�©JÑ� LPKDL Ú
KLPKDL �{�KǑ§Ý.

5.2.1 �Kzëê�KǑ
λ1 ǑDÕ5�å� ‖Y ‖1 �ëê, λ2 ǑÛÜ�±�å� f(Y ) �ëê, η ǑÛÜ�±�å� f(Y )¥�²w� ‖Y ‖2

F �ëê. d©z [24] ��, éu l1 �ê ‖Y ‖1 5`, � 0.000001 ≤ λ1 ≤ 0.1 �,¢�¬�����£O�J. Ïd, �â�Ú¢�(J, ·�=ÿÁ�Kzëê�� 0.001 ≤ λ1 ≤

0.011!0.1 ≤ λ2 ≤ 1.1!0.1 ≤ η ≤ 1.1 �é�ª£OÇ�Czª³.ã 3 ´ØÓ�Kzëê��é�©JÑ� LP-

KDL Ú KLPKDL �{3xÔ'æ�Æã�êâ¥þ£OÇ�Czª³. �fã©OǑ�½Ù¥���KzëêCz,	ü��Kzëê�£OÇ�Cz¡ã. Ù¥, �½��Kzëê��Ǒ
λ1 = 0.005, λ2 = 0.5, η = 0.5. dã 3 ��, ��Kzëê��ØÓ , Ù£OÇn�¡þ�Xëê��ØÓk�½ÅÄ, �´ÅÄ§Ý��. ǑÒ´`, �Kzëê�À�é�©¢�(J�KǑØ�.Ïd, Ǒ{z�Y¢�, �©ò�Kzëê�½Ǒ
λ1 = 0.005, λ2 = 0.5, η = 0.5.
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5.2.2 Ø¼ê¥ëê�KǑéu�©JÑ� LPKDL Ú KLPKDL �{¥�Ø¼ê, ·�æ^pdØÚõ�ªØùü«~��Ø¼ê. �!3xÔ'æã�êâ¥þ?ØpdØëê γ Úõ�ªØëê d �ØÓ��, é�©JÑ� LPKDL Ú KLPKDL �{�ª£OÇ�KǑ§Ý. ã 4 ´ØÓ�Øëê��é�©JÑ� LP-

KDL �{3xÔ'æã�êâ¥þ£OÇ�Czª³. Ù¥, ã 4 (a) Ǒ LPKDL æ^pdØ�, ÙØëê γ é�ª£OÇ�Czª³; ã 4 (b) Ǒ LP-

KDL æ^õ�ªØ�, ÙØëê d é�ª£OÇ�Czª³. lã 4 �±wÑ, �©JÑ� LPKDL�ª£OÇ�XØëê��ØÓk�½ÅÄ, �ÙÅÄ§Ý��. ǑÒ´`, ØÓ�pdØëêÚõ�ªØëê���éu�©JÑ� LPKDL �{�KǑØ�.ã 5 ´ØÓ�Ø¼ê��é�©JÑ� KLP-

KDL �{3xÔ'æã�êâ¥þ£OÇ�Czª³. �fã©OǑ�©êâþ�Ø¼ê KΦ ÚDÕXêþ�Ø¼ê KΨ ©Oæ^pdØÚõ�ªØ��Øëê�ØÓ��é�ª£OÇ�Cz¡ã. �â�Ú¢�(J, pdØ�Øëê γ ����Ǒ 0.1 ≤ γ ≤ 1.0, õ�ªØ�Øëê d ����Ǒ 1 ≤ d ≤ 11. lã 5 �±wÑ, �©JÑ�

KLPKDL �ª£OÇ¬ÏØëê��ØÓ��k�½ÅÄ, �´ÅÄ§Ý��. ǑÒ´`, ØÓ�pdØëêÚõ�ªØëê���éu�©JÑ�
KLPKDL �{�£OÇKǑØ�.

5.3 ¢�(J�©Û
5.3.1 xÔ'æã�êâ¥Äk, 3xÔ'æã�êâ¥[21] þÿÁ�©JÑ� LPKDL Ú KLPKDL �{æ^ØÓØ¼êé©a£O5U�KǑ. L 1 �Ñ
æ^ØÓØ¼ê� LPKDL Ú KLPKDL 3xÔ'æã�¥þ�£O5U. lL 1 �±wÑ, ��©êâþ�Ø¼ê
KΦ æ^õ�ªØ�, LPKDL �J��; ��©êâþ�Ø¼ê KΦ æ^pdØ, DÕXêþ�Ø¼ê KΨ æ^pdØ�, KLPKDL �J��. Ïd,Ǒ{z�Y¢�, LPKDLÚKSRþæ^õ�ªØ,

KLPKDL ¥Ø¼ê KΦ ÚKΨ þæ^pdØ.Ùg, ·�ò�©JÑ� LPKDL!KLPKDL�{� SRC!KSR!K-SVD!FDKDL!KFDK-

DL Ú LPDL �{?1'�, 3xÔ'æã�êâ¥¥ÿÁ(JXL 2 ¤«. lL
2 �±wÑ, �©JÑ� KLPKDL `u LP-

KDL �{ 0.24 %, � LPDL!SRC!KSR!K-

SVD!FDKDL!KFDK-DL �{©OJ,
�
3.47 %!3.23 %!3.42 %!7.42 %!2.34 %!0.81 %.

ã 3 ØÓ�Kzëêé LPKDL Ú KLPKDL 3xÔ'æ�Æã�êâ¥þ£OÇ�Czª³
Fig. 3 Recognition accuracy variations of LPKDL and KLPKDL on database of Columbia University with

different regularization parameters
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ã 4 ØÓ�Øëê��é�©JÑ� LPKDL 3xÔ'æã�êâ¥þ£OÇ�Czª³
Fig. 4 Recognition accuracy variations of LPKDL on

database of Columbia University with

different kernel parameters

L 1 ØÓØ¼ê�5U (%)

Table 1 Performance of various kernel functions (%)�{K
Φ Ú K

Ψ £OÇ
LPKDL (pdØ) 62.82

LPKDL (õ�ªØ) 62.91

KLPKDL (pdØ+ pdØ) 63.15

KLPKDL (õ�ªØ+ õ�ªØ) 62.42

KLPKDL (pdØ + õ�ªØ) 62.50

KLPKDL (õ�ªØ+ pdØ) 61.46

5.3.2 ARêâ¥3 AR[22] êâ¥¥, ·�ò�©JÑ�
LPKDL! KLPKDL �{� SRC! KSR! K-

SVD!FDKDL!KFDKDL Ú LPDL �{�'�,¢�(JXL 3 ¤«.

ã 5 ØÓ�Ø¼ê��é�©JÑ� KLPKDL 3xÔ'æã�êâ¥þ£OÇ�Czª³
Fig. 5 Recognition accuracy variations of KLPKDL on database of Columbia University with different kernel parameters
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Table 2 Recognition accuracy on Columbia University

database (%)�{ £OÇ
SRC 59.92

KSR 59.73

K-SVD 55.73

FDKDL 60.81

KFDKDL 62.34

LPDL 59.68

LPKDL 62.91

KLPKDL 63.15L 3 �«�{3 AR þ�£OÇ (%)

Table 3 Recognition accuracy of various methods on

AR database (%)�{ £OÇ
SRC 88.80

KSR 81.40

K-SVD 88.98

FDKDL 92.85

KFDKDL 93.14

LPDL 93.85

LPKDL 94.28

KLPKDL 94.57lL 3 �±wÑ, �©JÑ� KLPKDL `u
LPKDL �{ 0.29 %, � LPDL!SRC!KSR!K-

SVD!FDKDL!KFDKDL ©OJ,
 0.72%!
5.77 %!13.17 %!5.59 %!1.72 %!1.43 %.

5.3.3 *���° Bêâ¥3*���° B êâ¥[23] ¥, ·�ò�©JÑ� LPKDL!KLPKDL �{� SRC!KSR!K-

SVD!FDKDL!KFDKDL Ú LPDL �{�'�,¢�(JXL 4 ¤«.lL 4 �±wÑ, 3¥��Ý1ì^�e, �©JÑ� LPKDL!KLPKDL!LPDL!SRC!KSR!
FDKDL Ú KFDKDL �£OÇþǑ 100 %,`u K-SVD �{ 5.08 %. 3�Ý1ì^�e, �©JÑ� KLPKDL �£OÇ`u LP-

KDL �{ 0.22 %, � LPDL! SRC!KSR!K-

SVD! FDKDL! KFDKDL �{©OJ,

0.44 %!0.66 %!0.44 %!3.97 %!0.04 %!0.22 %.3 î  � 1 ì ^ � e, � © J Ñ �

KLPKDL � £ O Ç ` u LPKDL �{ 0.08 %, � LPDL! SRC! KSR! K-

SVD! FD-KDL! KFDKDL �{©OJ,

0.46 %!0.84 %!1.23 %!13.20 %!0.46 %!0.08 %.3 � î  � 1 ì ^ � e, � © J Ñ� KLPKDL � £ O Ç ` u LPKDL �{ 0.28 %, � LPDL! SRC! KSR! K-

SVD! FDKDL! KFDKDL �{©OJ,

0.70 %!2.23 %!2.09 %!4.66 %!0.98 %!0.98 %.L 4 �«�{3*��° B êâ¥þ�£OÇ (%)

Table 4 Recognition accuracy of various methods on

extended YaleB database (%)�{ f8 2 f8 3 f8 4 f8 5

SRC 100 89.21 88.15 25.49

KSR 100 89.43 87.76 25.63

K-SVD 94.92 85.90 75.79 23.06

FDKDL 100 89.43 88.53 26.74

KFDKDL 100 89.65 88.91 26.74

LPDL 100 89.43 88.53 27.02

LPKDL 100 89.65 88.91 27.44

KLPKDL 100 89.87 88.99 27.72

6 (��©3ÛÜ�±�DÕL«i;ÆS�Ä:þ,JÑ
ü«Øz�DÕL«i;ÆS�{. 1) êâ�m��©Ôö���ÝK�p�Ø�m, ?1ÄuÛÜ�±�ØDÕL«i;ÆS; 2) DÕXê�ÛÜ�±�å�í2�ØÛÜ�±�å, ?1ÄuØÛÜ�±�ØDÕL«i;ÆS. 3xÔ'æã�êâ¥!AR êâ¥Ú*���° B êâ¥¥�¢�(JL², �©JÑ� LPKDL Ú KLPKDL�{�éuÙ��{, Ø=�¤ÆS�i;�±�©Ôö���ÛÜ&E, �3©a£O¥, Ù£O5UǑ��wÍJp.3�^ LPP �{�ïC�ã G �, e�� kC�ǑÓaO� k C��, Ï~¬Jp LPP �{��O5U. ==�±ÓaOS�C�êâ:m�C�'X�ÑØÓaOêâ:�m�C�'XkÏuJp�O5U. Ïd, �©JÑ� LPKDL Ú
KLPKDL �{, 3`z�)L§¥, �½i;�)DÕXê Y , òz�a�Xê Yi l8I¼ê©lÑ5, 3ÛÜ�±�p=�Ä
ÓaOS����Xê�m�C�'X, a�a�m�C�'X�¿ï.Ïd, 3�Y�ïÄ¥, X�Ä�±�iÒ�C�



2304 g Ä z Æ � 40ò'X, ±93�½i;�, XÛÓ�`z�#¤k�?èXê. d	, du1ìrÝé©a£O(J�KǑ��, Ïd3�Y¢�¥, �ò�åuïÄ3î1ì^�eDÕL«�Øi;ÆS.
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