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Hash Graph Based Semi-supervised Learning Method and

Its Application in Image Segmentation

ZHANG Chen-Guang1, 2 LI Yu-Jian1

Abstract Graph based semi-supervised learning (GSL) method runs slowly because of the need of much time to

construct a neighbor graph. This paper presents a hash graph based semi-supervised learning (HGSL) method, which can

search neighbors by locality sensitive hashing function and efficiently reduce the time for GSL to construct a neighbor

graph. Image segmentation experiments show that HGSL has an improvement of 0.47 % in average segmenting accuracy,

and can greatly reduce the segmenting time, e.g., it takes about 28.5 % of the time for GSL to segment an image with size

of 300 × 800.
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�+k
�{�±ÏL°Àf8�å»5ü$ã�iÒÆS�êâ5�, �´��¡ÏLù
�{���¿Ø´ “°(” ), ,��¡f8þ�ÆSL§�,�3�ãÚIÒD4�mE,ÝLp�¯K[1] .¤±, XÛü$ã�iÒÆS��mE,Ý´���~��¯K, �«)ûå»Ò´æ^ÛÜ¯a�MF¼ê.ÛÜ¯a�MF�{ (Locality sensitive hash-

ing, LSH) ´�«k��Cq�C�|¢�{, §3�Ñ£O!©�©a�êâ�÷¥ÑkA^[4−6] ,ÙÄ��n´: ÏL�EéÛÜ¯a�MF¼ê,òål�����êâ:±���VÇN��Ó��MF��, ål�����êâ:±���VÇÑ��ØÓ�MF��, ù�3u¢C�:��I¡Þ©Ûäk�ÓMF���êâ:=�. ÛÜ¯a�MF�{u¢C���mE,Ý´
O(nρ log1/p n), Ù¥ ρ << 1 � 0 < p < 1/2[7].�©æ^ÛÜ¯a�MF¼êU?ã�iÒÆS��ãL§, JÑ
MFã�iÒÆS (Hash

graph based semi-supervised learning, HGSL) �{. T�{�ã��mE,Ý=Ǒ O(nρ+1 log1/p n),���{�'�mE,Ý�Ǒü$. ã�©�¢�L², T�{Ø=k���©��J, �©��m�



1528 g Ä z Æ � 36òÌÝ~�. 'X, �ã�º�Ǒ 300 �� × 800 ���, �~� 71.5 %�m.

1 ã�iÒÆS�{µe� χ = {xxx1, · · · ,xxxl,xxxl+1, · · · ,xxxn} ´���þ:8, Ù¥ l �:k�©aOIÒ yi ∈ {1, 2, · · · ,
c} (1 ≤ i ≤ l), Ù{:vkIÒ. �iÒÆS�8IÒ´|^ χ ¥¤k: (�)kIÒ:Ú�IÒ:),ïá���O�.�I5 χ ¥vkIÒ�:.XJ- Γ L« n × c ��"¢êÝ
���8Ü, �þ Fi = [Fi1, Fi2, · · · , Fic], �o Γ ¥?¿��Ý
 F = [FT

1 , FT
2 , · · · , FT

n ]T éAu�þ:8 χþ���©a�{, Ù¥ xxxi �IÒ½ÂǑ
yi = arg max

0≤j≤c
Fijã�iÒÆS�{Ï~�¹�Ú½Xe[8] :Ú½ 1. �E�©G�Ý
 Yn×c, b� xxxi (i =

1, 2, · · · , n) ��©IÒǑ yk, K
Yij =

{

1, j = yk

0, j 6= yk

(1)Ú½ 2. é χ þz�êâ: xxxi Ïé§� K C�, PǑ N(xxxi), i = 1, 2, · · · , n. �E χ þ��qålÝ
Wn×n:

wij =







exp(−‖xxxi − xxxj‖2

2σ2
), i 6= j � j ∈ N(xxxi)

0, ÄK
(2)

wij ¡Ǒ xxxi Ú xxxj ��qål, Ù¥ σ ´��~ê,

‖·‖ L«�þ��ê.Ú½ 3. - S = D− 1

2 WD− 1

2 , Ù¥éÆÝ
 D

= (Dij)n×n, Dii =
∑n

j=1 wij, Dij = 0 (i 6= j).Ú½ 4. - F (0) = Y , S�O�
F (t + 1) = αSF (t) + (1 − α)Y (3)��Âñ, ùp F (t + 1) � F (t) Ñáu Γ, � α ´0u 0 � 1 �m�~ê.Ú½ 5. b� F ∗ ǑS��(J, Kêâ xxxi ��O(JǑ yi = arg max0≤j≤c F ∗

ij .XJr χ ¥��þw�ã�º:, r W w�º:�º:�m�ålÝ
, ã�iÒÆS�{�����u��zãþ�Uþ¼ê[8] :

Q(F ) =
1

2

(

n
∑

i,j=1

wij

∥

∥

∥

∥

∥

1√
Dii

Fi −
1

√

Djj

Fj

∥

∥

∥

∥

∥

2

+

µ
n
∑

i=1

‖Fi − Yi‖2
)

Ù¥, µ > 0, Q(F ) �1��L«�C:IÒ���§Ý, 1��L«���(JÚ�©G����§Ý.ã�iÒÆS�{�O��mÌ�8¥3Ú½
2 �ã�L§ÚÚ½ 4 �IÒD4�L§, �mE,Ý©OǑ O(n2d) ÚO(n2kc), n, d Ú c ©OL«êâ:��ê!�êÚaOê, k L«z�êâ:�C�ê, �©�Ì�8IÒ´ü$Ú½ 2 ��ãL§¥��mE,Ý.

2 MFã�iÒÆS�{duã�iÒÆS�{I�s¤�þ��m3z�êâ:�C�|¢þ, ÏdJpC�|¢�Ý´~��ã�m�'�. 8, C�|¢�{�)CqüØ|¢�{ (Approximating and elimi-

nating search algorithm, AESA)!�5CqüØ|¢�{ (Linear approximating and eliminating

search algorithm, LAESA)!KD-tree!R-tree Ú
LSH�[7−11]. AESAÚ LAESAI��þ��m?1ý?n, ¿Ø·^uã�iÒÆS�{�C�|¢. Äu KD-tree Ú R-tree � tree (��C�|¢�{I�ké|¢�m?1y©, Ó�¬E¤�m��, �3êâ�ê'�p��ÿ, ù
�{�5U¬eü���5|¢��[12] , ÏdǑØ·Üã�iÒÆS�{. ��, LSH 3?1C�|¢�Ø=äk�~¯�u¢�Ý (p�e' KD-tree ¯ 40�[7]), ��±;�ÏǑêâ�êO\���|¢5Ueü. XJ^ LSH �EC�ã, Òk�U�ÌÝJpã�iÒÆS��Ý. e¡òéù�¯K�[Øã.

2.1 ÛÜ¯a�MF�{ÛÜ¯a�MF�{ (LSH) �Ä�g�´ÏL�E�|ÛÜ¯a�MF¼ê�¤C�u¢.� (S, dx) ´��Ýþ�m, B(qqq, r) = {ppp ∈ S|
dx(ppp,qqq) ≤ r}, Ù¥ qqq ∈ S, r L«�». �|N� H

= {h : S → U} ¡�Ǒ (r1, r2, p1, p2) ¯a, XJ§�÷ve¡ü�^�:

1) é?¿ vvv,qqq ∈ S, XJ vvv ∈ B(qqq, r1), K
Pr[h(qqq) = h(vvv)] ≥ p1;

2) é?¿ vvv,qqq ∈ S, XJ vvv /∈ B(qqq, r2), K
Pr[h(qqq) = h(vvv)] ≤ p2.3^� 1) Ú 2) ¥, 1 ≥ p1 > p2 ≥ 0 � 0 < r1

< r2.ÏLù|N��±�EÛÜ¯a�MF¼êXe:

g(xxx) = [h1(xxx), h2(xxx), · · · , hk(xxx)]TÙ¥, MFN� hi ∈ H, i = 1, 2, · · · , k, xxx ∈ S.



11Ï Ü�1�: MFã�iÒÆS�{9Ù3ã�©�¥�A^ 15293ý?n�ã, z�êâ:ÑÏLMF¼ê g1,

g2, · · · , gl O�Ñ l �MF��, ,�òTêâ:�gC\MFL T ¥TMF��éA� �, Ù¥ g1,

g2, · · · , gl Ñ´d H ¥�ÅÀ� k �N��¤. 3u¢�ã, éu�u¢: qqq, �I|¢MFL T ¥
g1(qqq), g2(qqq), · · · , gl(qqq) éA� �=�.

k Ú l ���Ñ¬KǑ LSH ?1u¢��ÝÚO(Ý. ��/, l O�, Ku¢�O(ÝO\, ��A�ÿÀêâ:Ǒ¬O\, lü$u¢�Ý; ��, k O�, Ku¢�ÝO\, �u¢�O(Ý¬eü. 3¢SA^¥, k Ú l ����±lêâ8¥ÀÑ�
êâ:?1�ý¢�����[13] . 'u k Ú
l ���, ±9 LSH ��{�mE,Ýke¡�(Ø[7, 13]:b� H ´Ýþ�m (S, dx) þ��| (r1, r2,

p1, p2) ¯aN�, qqq Ǒ�u¢�:, K�3 k Ú l ��e¡ü�¯�±�VÇ¤á:

1) XJ�3 ppp∗ ∈ B(qqq, r1), K�3,
 j = 1,

2, · · · , l, �� gj(ppp
∗) = gj(qqq);

2) � qqq ål�u r2 �� qqq äk�ÓMF���êâ:��ê�u 3l, =:

l
∑

j=1

∣

∣(S − B(qqq, r2)) ∩ g−1
j (gj(qqq))

∣

∣ < 3l� LSH �¤u¢��mE,ÝǑ O(dn + n1+ρ), ¤Iål�²þO�gêǑ O(nρ), MFN��²þO�gêǑ O(nρ log1/p2
n), Ù¥ n Ǒêâ:�ê,

d Ǒêâ:��ê, ρ = log 1/p1

log 1/p2

, |·| L«8Ü¥�:ê. lþ¡�(Ø�±wÑ, éu�½�Ýþ�m,��Ué�TÝþe��| (r1, r2, p1, p2) ¯aN�, �oÒ�±ÏLù|N��EÑ�|T��MF¼ê, l�y±�VÇu¢Ñ��u¢êâ:�mål�u r1 �¤kC�:, � LSHéü�êâ:�¤u¢�o�mE,ÝǑ O(nρ log1/p2
n + nρ),´êâ5��g�5¼ê. Ïd, XJêâ8'��, ��ê'�p, LSH ÒU
wÍ\¯u¢�Ý.

2.2 ppp -stable©Ù9¯aMF¼ê��E3�½Ýþ�m¥é��| (r1, r2, p1, p2)¯aN�´?1 LSHu¢�'�. e¡ò0� lp åle�ÛÜ¯aMF¼ê��E�{.XJêâ: xxx = [x1, x2, · · · , xd]
T Ú yyy = [y1,

y2, · · · , yd]
T, K xxx Ú yyy �m� lp ål½ÂǑ
‖xxx − yyy‖p =

(

d
∑

i=1

(xi − yi)
p

)
1

p

�½¢ê8þ�©Ù D Ú~ê p, ξ1, ξ2, · · · , ξp´Ñl D �ÕáÓ©Ù��ÅCþ, XJé?¿�½� p �¢ê v1, v2, · · · , vp,
∑p

i=1 viξiÚ (
∑p

i=1 |vi|p)1/pξ äk�Ó�©Ù, K¡ D´ p -stable©Ù, Ù¥ ξ ´Ñl©Ù D ��ÅCþ. é�½êâ: xxx, yyy Ú p -stable ©Ù D, XJ ξ´Ñl©Ù D ��ÅCþ, aaa ´ d ��þ� aaa �z��©þÑ´Ñl©Ù D ��pÕá��ÅCþ,�o xxx · aaa − yyy · aaa Ú ‖xxx − yyy‖p ξ äk�Ó�©Ù, ù¿�X xxx � yyy �m� lp ål�±ÏL xxx−yyy 3 aaa þ�ÝK?1�O. Ïd, �±�E (r1, r2, p1, p2) ¯aN�[14] Xe:

haaa,b(xxx) =

⌊

aaa · xxx + b

w

⌋

(4)Ù¥, w > 0 ´��~ê, b ´�gþ!©Ù [0, w]���¢ê.ØJy², haaa,b(xxx) ´ (r1, r2, p1, p2) ¯aN�.¯¢þ, - fp(t) L« p -stable ©Ùýé��VÇ�Ý¼ê, r = ‖xxx − yyy‖p, K xxx Ú yyy äk�ÓMF��VÇǑ[14]:

p(r) = Pr[haaa,b(xxx) = haaa,b(yyy)] =
∫ w

0

1

r
fp(

t

r
)(1 − t

w
)dt (5)

p(r) ´'u r �üNeü¼ê, Ïdål���:N���ÓMF��VÇ��, ål���:N���ÓMF��VÇ��, = haaa,b(xxx) �(´ lpåle��| (r1, r2, p(r1), p(r2)) ¯aN�.

2.3 �qålÝ
�¯��Ee¡ò|^ÛÜ¯aMF¼ê�Ñ�«¯��E�qålÝ
��{.�âª (2), O� χ ��qålÝ
 Wn×n, I�é?¿ xxxi ∈ χ Ñýk�� xxxi � K C�êâ:8
N(xxxi). ¤±, �¯��EWn×n, '�´XÛ¯�O� N(xxxi).d©z [15] ��, 3 l2 åle���� 2 -stable©ÙÒ´pd©Ù:

Ψ(x) =
1√
2π

e−
x2

2Ïd, ÏLpd©ÙÒ�±3 l2 åle�E�|
(r1, r2, p1, p2) ¯aN� H = {haaa,b(xxx)}, Ù¥�þ aaa�z�©þÑ´Ñlpd©Ù�¢ê, b ´3 [0, w]þÑlþ!©Ù���¢ê, w > 0 ´��~ê. é?¿� xxxi ∈ χ, ÏLMF¼ê g1, g2, · · · , gl O�Ñ
l �MF��, ¿ò xxxi �g�\MFL¥©O�ù
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l �MF��éA� l �MF× B1, B2, · · · , Bl ¥,- Nh(xxxi) = ∪k Bk.d LSH �5���, Nh(xxxi) �êâ:ê±�VÇ�u 3l, �nØþA�¹ N(xxxi) ¥�ý�ê:,Ïd Nh(xxxi) �±w�´C�êâ:8 N(xxxi) ��«Cq, ǑÒ´`, �±^ Nh(xxxi) �O N(xxxi) �E�qålÝ
. ¤±, χ þ��qålÝ
Wn×n �±^e¡�¯��{Cq�E:

wij =











exp

(

−‖xxxi −xxxj‖2

2σ2

)

, i 6= j � j ∈ Nh(xxxi)

0, ÄKÙ¥, σ ´��~ê, ‖·‖ L«�þ��ê.duO� Nh(xxxi) ��m¢SþÒ´^ LSH Ñ� xxxi ¤I��m, ÏdO� Wn×n ��mE,ÝǑ
O(nρ+1 log1/p2

n+n · 2l) ≈ O(nρ+1 log1/p2
n). �Ä�ã�iÒÆS��ãL§��þÒ´O��qålÝ
Wn×n, ¤±MFã�iÒÆS�{��ã�mE,Ý�±CqǑ O(nρ+1 log1/p2

n).d	, ã�iÒÆS¥C�ã�(�é�iÒÆS�O(5k�½�KǑ[1] . æ^ N(xxxi) �EC�ã, k�UÏǑC�Lu;�E¤IÒ&E���,  Nh(xxxi) Kk�U;�aq��¹, lJp�iÒÆS�O(5, e¡±4à�¹e���~f`²ù�¯K: - χ = {xxxi |1 ≤ i ≤ 9}, ò§©¤n| {xxx1,xxx2,xxx3}, {xxx4,xxx5,xxx6} Ú {xxx7,xxx8,xxx9}, b� N(xxxi) ��¹ xxxi ¤3|�,ü�:, ¿��k
xxx1 Ú xxx9 ©OäkIÒ +1 Ú −1. w,, XJæ^
N(xxxi) �EC�ã, K xxx4, xxx5 Ú xxx6 ØUlÙ{:¥��?Û�IÒ&E, XJæ^ Nh(xxxi) �EC�ã, KÏǑ xxx4, xxx5 Ú xxx6 k�U¤ǑÙ{:�CqC�, l¼�IÒ&E.

3 ã�©�¢�Ǒ
`²MFã�iÒÆS�{�¢SA^�J, �©òÙA^uã�©�, äNÚ½�): 1) ã��óI5; 2) ëê k Ú l ���9MF¼ê��E; 3) ã�©�L§; 4) ¢�(J©Û.

3.1 ã��óI53Xã 1 (a) ¤«��©ã�þÏLx��/ª�¿I5�
�µ«�¥�:Ú�
�©�«�¥�:, ��Xã 1 (b) ¤«�I5(J, Ù¥^�óI5
A^�, 	�ç�L«�µ«�:, ¥mx�L«�©�«�:.

3.2 ëê kkkÚ lll���9MF¼ê��Eò�©�ã�y©¤��������¬ s×s,

(a) �©ã�
(a) Original image

(b) I5«�
(b) Marking regionsã 1 �©ã�9I5«¿ã

Fig. 1 An example of image marking

s ������â�ÝÚ°Ý��ÀJǑ 1∼ 10 �m��ê. ¤k��¬UìÙ¥�¹��©�«�:��µ«�:�õ����A�IÒ: �©�«�:õKT��¬IǑ 1, ��IǑ 0; �XJØ�¹�©�«�:Ú�µ«�:, KØéT��¬IÒ. z���¬þ^ 5 ��þ (r, g, b, x, y) L«, Ù¥ r, g, b L«��¬S�:� RGB �Ú©þþ�,

x Ú y L«��¬¥%�éu�þÆ��I�. χL«¤kù
 5 ��þ|¤�8Ü, Y ´Uìª (1)�E��©G�Ý
.Ǒ
��z�þÑ��MFL T ¥��m, �±^±e�{éëê k Ú l ?1��:

1) l χ ¥?¿ÀÑü|�½ê8��þ, �¤#8Ü χt Ú χq; À½ k Ǒ~ê ('X k = 16), � l

=
⌈

log δ/ log(1 − pk
1)
⌉

(⌈·⌉ L«þ��)[7], ±�y¤õu¢C�:�VÇ�u�u δ (ùp�Ǒ 0.7),Ù¥ p1 = p(1) dª (5) O�.

2) )¤ l � k �EÜ�þ aaai = (aaai1,aaai2, · · · ,
aaaik) (1 ≤ i ≤ l) Ú l �¢ê bi (1 ≤ i ≤ l), Ù¥ aaaij

= (aaaij1,aaaij2,aaaij3,aaaij4,aaaij5) (1 ≤ i ≤ l, 1 ≤ j ≤ k)� aaaijz (1 ≤ i ≤ l, 1 ≤ j ≤ k, 1 ≤ z ≤ 5) þǑ�gIO��©Ù�¢ê, bi (1 ≤ i ≤ l) Ǒ�gþ!©Ù U(0, w) �¢ê.

3) ò χt ¥�z���þ xxxt ^ª (1) Ñ��MFL T ¥, ÏLé χq ¥�z���þ xxxq ?1�Î,O� u, v Ú g ��, Ù¥, u L«O��g haaa,b(xxxi)�²þ�m, v L«u¢�gMF×�²þ�m, gL«O��g wij �²þ�m.

4) |^ u, v Ú g ��, #��#� k Ú l.du xxxq ∈ χq Ú xxxt ∈ χt äk�ÓMF���VÇǑ
pxxxt

=

∫ w

0

(

1

r

)

(√
2

π

)

e
−x2

2r2

(

1 − x

w

)

dxÙ¥, r Ǒ xxxt � xxxq �m� l2 ål, Ïd χt ¥� xxxqäk�Ó����þ�ê��OǑ
ct =

∑

xxxt∈χt

pxxxt



11Ï Ü�1�: MFã�iÒÆS�{9Ù3ã�©�¥�A^ 1531¤±, éu�½� k Ú l �, é¤k xxxq ∈ χq O� Nh(xxxq) �o�mǑ
Tk,l =

∑

xxxq∈χq

(u × k × l + v × l + g × ct)Ù¥, l =
⌈

log δ/ log(1 − pk
1)
⌉

. r k �½3�½�� ('X 20∼ 40) ��z Tk,l =������ëê
k Ú l[13].3¼����ëê k Ú l �, #)¤ l � k�EÜ�þ aaai = (aaai1,aaai2, · · · ,aaaik) (1 ≤ i ≤ l) Ú l�¢ê bi (1 ≤ i ≤ l), l��5U���ÛÜ¯aMF¼ê:

gi(xxx)=[hi1(xxx), hi2(xxx), · · · , hik(xxx)]T, i=1, 2, · · · , lÙ¥, hij(xxx) =
⌊

aaaij ·xxx+bi

w

⌋

(w Ǒ~ê).

3.3 ã�©�L§Uì1 2.3 !��{, - σ = 100 O��qålÝ
W , ¿rW 8�zǑ
S = D− 1

2 WD− 1

2Ù¥, D Ǒ�éÆÝ
, � Dii =
∑

j wij.

,�, - F (0) = Y , S�O�ª (3) ��Âñ
(F ¥��ê�²þCz§Ý < 0.001), b� F ∗ ǑS��(J, �IÒ�þ xxxi ��ªIÒ�ûu F ∗

i¥���©þ, =: e F ∗
i1 > F ∗

i2, KT�þéA���¬áu�©�«�; ÄK, T�þéA���¬áu�µ«�.

3.4 ¢�(J©Û�©3 DELL OPTIPLEX GX 620 (3.20 GHz

CPU, 1.00 GBS�).Ò�Åìþ^VC 2005�ï
��ÄuMFã�iÒÆS�ã�©�XÚ, ¿3êâ8 BSD (Berkeley segmentation dataset)[16]Ú SED (Segmentation evaluation database)[17] þé HGSL, GSL Ú Lazy snapping[18] ?1
'�¢�, Ù¥ Lazy snapping ´�«U?�ã� (Graph

cut) �{[19]. Ü©¢�(J�Þ3ã 2 ¥, Ù¥z
4Üã¡Ǒ�|, 1 1, 2|�ã¡�g SED,Ù{|K�¹
 BSD ÿÁ81�Ü©¥�¤kã¡. z|¥�1 1, 2, 3 Üã¡©O´ Lazy snapping, GSLÚ HGSL �©�(J.lã 2 ¥ØJwÑ, HGSL �©��JU
��� Lazy snapping ���Y², �Ñ�u GSL.Ǒ
�O(/é' HGSLÚ GSL�©��J, �©

ã 2 ã�©��JÞ~, Ù¥z 4 ÜãǑ�|, z|�1 1, 2, 3 Ü©O´ Lazy snapping, GSL Ú HGSL �©�(J
Fig. 2 Examples of image segmentation results, where four images are in each group the first, second, and third images

of the group are generated from lazy snapping, GSL, and HGSL, respectively



1532 g Ä z Æ � 36ò3ã�¥ SED(100 Ìã) Ú BSD ÿÁ8 (100 Ìã) þé HGSL ÚGSL �©��J?1
þz: Äk, Uìã�¥N��<ó©�>.ã, r�©�ÔN��ÚW¿ǑçÚ, Xã 3 ¤«. SED g�k<óW¿�(J, ¤±dÚ�±�Ñ. ,�, òã�¥�©�«�¥���:�Ǒ�a, �µ¥���:�Ǒ,�a, rã�©�w¤´üa©a¯K, é'W¿ã� HGSL Ú GSL �©�(J, ±zÌã�þ��:�©aO(Ç�ǑïþÙ©��J�IO,= ©�O(Ç =
�ä�(���:êo��:ê

(a) �©ã�
(a) Original image

(b) >.ã
(b) Border image

(c) W¿(J
(c) Filling resultã 3 é<ó©�>.ã?1�ÚW¿�«¿ã

Fig. 3 An example of filling segmentation region with

color on hand-labeled border images

HGSL Ú GSL 3ü�ã�¥þ�²þ©�O(Ç�L 1 ¤«. ã 4 ´r«m [0, 1] �©¤ 135°, ÚOü�ã�¥þ©�O(ÇÑy3���«m�ã�ê8�����ã.L 1 HGSL Ú GSL 3 BSD Ú SED þ�²þ©�O(Ç
Table 1 The average segmentation accuracies of

HGSL and GSL on BSD and SED

Method BSD (%) SED (%)

HGSL 97.670 97.534

GSL 97.198 97.054

ã 4 ©�O(Ç���ã
Fig. 4 The histograms of segmentation accuracy

lL 1 �±w� HGSL 3ü�êâ¥þ�²þ©�O(ÇÑ�' GSL p 0.47 %, lã 4 �±w��©�O(Ç�u 98 % �, 3�Ü©�«mþæ^ HGSL ���ã�ê8Ñ�' GSL �, 3O(Ç�u 98 % ���«mþ, HGSL ���ã�ê8Ñ���u GSL, ù¿©`²
 HGSL äk'
GSL ���©��J.d	, Ǒ
`² HGSL 3Jp GSL �Ý�¡��^, �©él SED ¥ÏLÀ�!}�½C���� 80 Ìã�?1
©��m�'é¢�, Ù¥��Ǒ 300 ��× 190 ���ã�� 4 Ì (¥¥ 1 Ì,

3 ÌdÙ� 300 �� × 400 ���ã�}���),

300 �� × 200 ��� 8 Ì, 300 �� × 225 ��� 40 Ì, 300 ��× 400 ��� 24 Ì, 300 �� ×
800 ��� 4 Ì (d 300 �� × 400 ���ã�ÏL Photoshop UCº���). 3?1¢��, ©¬����Ǒ 5 �� × 5 ��, ©�¤I�²þ�m�L 2 Úã 5. �©�3 BSD þ'� HGSL Ú
GSL ��Ý, ù´ÏǑù
ã����þǑ 481 �� × 321 ��½ö 321 �� × 481 ��, HGSL Ú
GSL éÙ¥zÌã��©��m©O´ 5.2 �Ú
14.4 ��m.L 2 HGSL Ú GSL éØÓ��ã��²þ©��m (�)

Table 2 The average segmentation times of HGSL and

GSL for different image sizes (s)

Method 300× 190 300× 200 300× 225 300× 400 300× 800

GSL 2.609 3.309 3.623 12.269 69.259

HGSL 1.312 1.742 1.998 4.925 19.7

ã 5 HGSL Ú GSL �©��m�ã�°Ý�Cz
Fig. 5 The variations of segmentation times of HGSL

and GSL with different image widthslL 2 Úã 5 ´�, MFã�iÒÆS�{
HGSL U
k�/~�ã�iÒÆS�{ GSL �ã�©��m, �ã�º��� 300 �� × 800 �



11Ï Ü�1�: MFã�iÒÆS�{9Ù3ã�©�¥�A^ 1533��, ©��m�~� 71.5 %, ��Xã��O�, êâþ�O\, HGSL �¤ã�©���m���u GSL.

4 (ØÏL(Üã�iÒÆS�{ÚÛÜ¯a�MF¼ê, �©JÑ
�«MFã�iÒÆS�{, T�{Ø=U
�yã�iÒÆS�{�©a°Ý (ùp��u©��J), �U
k�/~�ã�iÒÆS�{�©a�m. 3 BSD ÿÁ8 100 Ìã�Ú SED � 100 Ìã�þ�¤�©�¢�L², MFã�iÒÆS�{�©�O(Ç�Jp 0.47 %�m,�äk�óö�{üÚ©��Ý�¯�`:. AO´, �ã�º�Ǒ 300��× 800���, MFã�iÒÆS�{¤I©��m�Ǒã�iÒÆS�{� 1/3 �m, ù¿©`²MFã�iÒÆS�{éJpã�iÒÆS�{��Ýäk��^. 38��ó�¥, �©ò/�«fã�ÀJ (Seed image

selection)[20] Eâ, ?�ÚU?MFã�iÒÆS�{, �Ù�I3ã�¥¥I5Ü©ã�, ÒU
�¤Ù��'ã���I5gÄ©�.
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