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Abstract Based on the structure risk minimum criterion of support vector machine (SVM) and the global

optimization characteristic of free search algorithm (FS), the least square-SVM (LS-SVM) is applied to

establish the model for predicting the soil moisture content, and FS is used to optimize the parameters

of the model. The application shows that the model is better than the models based on particle swarm

optimization (PSO), fish swarm algorithm (FSA) and time series analysis (TSA) method, it possesses the

advantage of high accuracy of forecasting and high ability of generalization. The calculation result shows

that the soil moisture content predicted by this model is acceptable. The maximum relative error which

is small than 15% between simulation and observation value are 100%, for the predicted and observation

value are 94.4%.

Keywords time series analysis; support vector machines; free search; particle swarm optimization; fish
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1 �

Vapnik^�e 1995`gC\�>"7R (Support vector machines, SVM)=yd�E�mo�up[:�(G \ VC}:|���:$Gq(\�i4�,jGp\Rs:��{��, SVMR|���:$G-}Sj9Gp\�C��:$G-}, �}\=L�xK.=_�h, L(G�K[Y\r=�Æ:_d, }�9GpRs:��{ �{�O\Æ$T��h,��C9?v_eQdRs:��{\2℄ [1−2].j Vapnik \�>"7R"o, b Suykens : VandewallegC\:$x:�>"7R (Least square support}Tys: 2009-06-03℄h�q: ._4Æ�;Q� (50839002)'!ag: ��m (1957–), Z, sTb-�, vA, !;+X., E-mail: zhanyu@hhu.edu.cn.
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vector machines, LS-SVM)=�- SVM\L$%~ [3]. jR{ SVM%℄xK+F�}"o, LS-SVM%℄:$x:�2�p=|\/4F, ℄^9tESj"^9tE, 7�}0<���79}L9^9�<, Lw�O972\xK+F�h, �y LS-SVM "x4F�j"R�\/4F.dlt�Im
Vp,G=tI�̀ �I�t�I�̀ �I,G0< \ ,Iz, ueIt/r\�>8,℄:dH*0\�>8z~d.&P\(G:4lTU. beBv$WU\[ , ytA�u�*
I	�G�Zzuj�=�*3'n�kt|$RVL(ZRWU\5==℄�, �|Z2g\�GM9�CLj\�<2�'n2:ZR2, �$�G+DL��℄2g6:U.QD [4−8] . ��A�,℄ LS-SVM\_d:3bR℄ (Free search, FS)[9] W{56\�Æ_Gfd, p.Pe FS \ LS-SVM U.o*�|,�jGp\2g6:U.RVPepa�℄W{\ LS-SVM U.��w, Rn|o*�|g�L$k�:o*�q��\�{.

2 |v�JO LS-SVM o�X� LS-SVM L,W{p.�|6:o*U., %�|6:>3E�U|
(θ1, θ1), (θ2, θ2), · · · , (θi, θi), · · · , (θn, θn) (1)9 : n |>3E��7, i = 1, 2, · · · , n; θi |�|6:b i �E�CC�; θi |j θi uY\�|6:b i�E�C��. } LS-SVM L,W{_G�h�|

min
w,b,ei

J(w, b, ei) =
1

2
wTw +

1

2
γ

n∑

i=1

e2
i

s.t. θi[w
Tϕ(θi) + b] = 1 − ei , i = 1, 2, · · · , n

(2)9 : w�b ��|g�4F f(θ) = wTϕ(θ) + b \�"7:>�; γ |Æ}G'F; ϕ(·) |r�|6:>3F�U\#Y�}�g\��24F; ei |v5N�\P��7. �Y\ Lagrange 4F|
La(w, b, ei; αi) = J(w, b, ei) −

n∑

i=1

αi{θi[w
Tϕ(θi) + b] − 1 + ei} (3)9 : αi | Lagrange :1, αi ∈ R. � La %e w�b�ei : αi \jW, ��p| 0, d
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= 0 → αi = γei, i = 1, 2, · · · , n

∂La

∂αi

= 0 → θi[w
Tϕ(θi) + b] − 1 + ei = 0, i = 1, 2, · · · , n

(4)9 (4) �R,G|�}�P\�2�<9
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(5)9 : Z = [ϕ(θ1)

Tθ1; ϕ(θ2)
Tθ2; · · · ; ϕ(θn)Tθn] ; Y = [θ1; θ2; · · · ; θn] ; ~1 = [1; 1; · · · ; 1]; e = [e1; e2; · · · ; en];

α = [α1; α2; · · · ; αn]. �9G�R�:|[
0 −Y T

Y ZZT + γ−1I

][
b

α

]
=

[
0
~1

]
(6)beK8 Mercer mo\u64FX�=|94F [1] , b�� Ω = ZZT, [

Ωij = θiθjϕ(θi)
Tϕ(θj) = θiθjK(θi, θj) (7)9 : K(θi, θj) | SVM \94F, 2℄\94F*Fd�294F�v!994F�
"P (RBF) 94F�6,'�zI (Sigmoid) 94F^.��9|9 (8) \
"P4F=| LS-SVM \94F [2],

K(θ, θi) = exp[−
∥∥θ − θi

∥∥2
/σ2] (8)9 : σ |
"P4F\9!q.
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3 _� Free Search O LS-SVM G��[xf
3.1 SVM F~�ZLP
�RÆ}G'F�"R�\/4FRV94Fu SVM W{r.�2&F\=℄, �('F\_Gf
�=
SVM Y℄?�\L�&d. ue LS-SVM, V9|
"P4F|94F2, �4Ff
Æ}G'F γ :9!q'F σ, Ww�6�'Fy?P<q��j9 LS-SVM \:�℄1:~G2℄ [10−11] . 
w γ : σ u
LS-SVM 2℄\[ y(G�Ld�
\2�, _R γ : σ \��7|L�[h, y4℄Y℄ �Ldx4�0\fz�{ [11].�� [10]��� [12] ��n0u-C�:3>Y\�{u SVM 'F�0_G9|, �� [13] r
JL��"
Y℄e LS-SVM U.'F\9|, jp`Gp�{��, ��{℄�4�Æ}G'F\3m9|,w"℄rF��0u-C�. yY℄�℄_GW{�P, �� [14] %℄OGW{u SVM 'F�0=_, �O9u'F\}	?M0<, 3m4�9'F9|, g�9 SVM \~G℄1; �� [15] %℄��\��h�W{rf�9|�̀ ��F�SVM 'F�0�0_G\�{,��|/�S�0_G℄�y�s\2g\�0:d'\!�f�g�, �yg�9 SVM \2℄, ����h�W{℄�R� \VqOY:#\_G|/. �� [11] 7℄OGW{:/1�W{�0\'F=_, G�[9K84℄�<4F\w6\��'/. y�} SVM 'F2, �D�$e.W{��[9Lj\yt2?�7/, �uwA, �℄W{℄�R�?M{��'E`":_���.
uoL�_G�h, "oW{M[Y"o_G|/\�4�S, 4℄�h{{J “d_�=”, J2W{\d'2r�[a|&F, WJ, �<r�$��\W{X�Y SVM 'F=_ �r= SVM ?�\LP�d. FS =b Penev : Littlefair gC\L$W{, G=L$Pe�i\_G�{, y�d56\=_℄1 [9]. y FS \
bU. , m��il~vK\'�wmn0v}R℄�g, yR℄0< m��i%�e.07\�9, �$e.07\X\=|9z�L�3YÆ6\��, y4℄_G�h Xz�9X�4F\L�w6\}. FS W{q(kT, 4F℄D
j\'F"v, ℄a�}�D�h0�k�:d'. ��R LS-SVM uC�>3E�\6�E:� (o*	/k�::$) |X��Y℄ FS u γ : σ �0_G9|, FS \�iW{�'n�� [16–17].

3.2 \� Free Search L�ZpCX~
k% FS  m��iM#e.07\��"7uY LS-

SVM \U.'F γ : σ, }m��iM#\e.07X
j9L9 γ : σ, SX
j9L�B8\ LS-SVM U..ue�E\L� LS-SVM U., ��"�LuC�CCE�,℄g�\ n− 1uE�=|>3E�UpU, x�"�\b
i�C�E�dR�>36\ LS-SVMU., [Yb i�CCE�d, XU.\o*� θ̂i, &	�$*?, �℄[YM�m�M#e.2_
j LS-SVM U.\o*	/k�:
Q =

∑n

i=1 (θi − θ̂i)
2. n0 FS W{\hSwW, :B�
jL9:_\ γ : σ. jU\_GX�4F (X>Yq4F) |

min Q =

n∑

i=1

(θi − θ̂i)
2 (9)9 : θ̂i | LS-SVM U.ub i �C�E�d\o*�.�n, �0�DuX�4F\jUVE(, Pe FS \

LS-SVMU.�Ry>3\o2i#YU.\o*2℄, U.���}#(nr 1.

FS

LS-SVM

LS-SVM

FS

LS-SVM

YES

NO

� 1 ℄� FS M LS-SVM zt�Hn�weE%
4 o����S�Y℄W(��|e*� 2001–2006 `<�|'*6: (10cm &qE\t�2I7) p.�|o*U.�jCU.\o*'/, p 2005 `Rv�<�|F�=|pUE�, 2006 ` 36 <�|F�=|jCE
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 30��. |9j7mb�$U.\o*�q, %℄k��u	/ MAE RV���	/ RMSE =|uo*|/\m N�, MAE : RMSE [W�9��:

MAE =
1

M

M∑

m=1

∣∣∣θm − θ̂m

∣∣∣ (10)

RMSE =

√√√√
M∑

m=1

(θm − θ̂m)2/M (11)�D69 : m |�|o*E�F, m = 1, 2, · · · , M ; θm |�|4*�,%; θ̂m |�|o*�,%.|�w"o�℄W{u LS-SVMU.'F\=_'/,Pe�D FS�} LS-SVMU.'F0<RVjU\X�4F, ��?9℄/1�W{ (Particle swarm optimization, PSO)h�W{ (Fish swarm algorithm,

FSA) =|j FS ��w\W{, ��p.9Pe PSO : FSA \ LS-SVM U., PSO : FSA W{\�i�}0<�'n�� [18–20]. Jw, Jp.99 (12)\�|2g6:`{U., =|�w�$U.U^Vo*|/\'�P-.

θt = Ut + St + Rt + εt (12)9 : t |�|6:3q, t = 1, 2, · · · , T ; θt |WdW&qE (OWt,\) \�|6: (V t $j2, θt X|
t 2�\�|); Ut |�|\�<!; St |�|\'n!; Rt |�|\ZR!; εt |�|\�{)!.y α = 0.05 \�+Ik�, r�|6:\�<! (���|6:��+�<!) :'n! (��%℄) �
�{) g�B, ,g6:n09k�2�'n2�=��:Æ
2^jC. u,g\ZR7��
|/�S, M<\�|jvP 1�2�6�9�14�15�16�17�26�<\�|�%2ww. WJ, QD�|6:ZR7�\3L,U.yFj| 26, �y3L,U.n09jC, Xy α = 0.05 \�+Ik�, �|6::B,g\�{)!n09p.2jC. r ['n!\d') 4FU.j3L,U.�`B�[Yo*�|6:\2g6:`{U..be�$�℄W{\�i'F"x��o, |7"oW{\Y℄vgP�L�, �+r$�\+U�%| 20,hSKF�%| 200K.���P� \ LS-SVMpU�}0<RV2g6:�{pU �|6:\3�%�
|/, �x9|M<�| θi RVjp�%2ww\vP��<�|F� θi �7uY\>3E�6:,XrVv<�|F�=|CCE�,xr�<�|vP\ 1�2�6�9�14�15�16�17�26<\�|F�=|C�E�, Lw�7>3E�U, "4Fuq8�|6:�0g��<!:'n!^)=. PSO�FSA�FS�$W{:B=_[Y\ LS-SVMU.'F (γ, σ)��| (41.7621, 11.4565)�(39.6068, 10.8913)�(40.2095,

10.9231), 4 $U.\o*|/n� 1, o*'/nr 2, U.U^�Vo*�\=�E (XU^�Vo*�\�u	/�u�$e^eW�j��F\��E) n� 2.D 1 �$n�M�HiQV/&� 3h7;a|V/ Qf PSO ℄ LS-SVM V/ Qf FSA ℄ LS-SVM V/ Qf FS ℄ LS-SVM V/
MAE/% 1.4366 1.3371 1.3345 1.1893

RMSE/% 1.9282 1.8286 1.8282 1.6301D 2 �$n�nr"`�H"MYUl>�F/%
3h7;a|V/ Qf PSO ℄ LS-SVM V/ Qf FSA ℄ LS-SVM V/ Qf FS ℄ LS-SVM V/V_� p+� V_� p+� V_� p+� V_� p+�

5 55.8 58.3 88.3 61.1 89.0 61.1 90.9 63.9

10 86.4 75.0 98.1 77.8 98.7 80.6 98.7 86.1

15 96.1 91.7 100.0 88.9 100.0 91.7 100.0 94.4

20 98.7 94.4 100.0 94.4 100.0 94.4 100.0 97.2Lr 2 �R�C, 4 $U.\o*�j4*��=|$w6, �℄P�K84℄�=\4F. b� 2 �n: ue2g6:`{U., d 96.1%\U^�: 91.7%\o*�y�u	/ 15%R\; Pe3bR℄W{\ LS-SVM U., d 94.4%\o*�y�u	/ 15%R\; wPe�$�℄W{\ LS-SVM U.\U^�
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S^℄ LS-SVM z�}p+!℄Z^ 205y�u	/ 15%R\\=�E�OY9 100%. WJ, L6i��, Pe�$�℄W{\ LS-SVM U.\U^Vo*'/�_e2g6:`{U., apU^'/�S�_eB�, �=be SVM ℄56`��4F\2℄�j\; Pe PSO : FSA \ LS-SVM U.\U^Vo*|/��, wPe FS \ LS-SVM U.\U^Vo*|/�6, FS ��C956\_G2℄.

� 2 �$n�M�H	W�
5 dm��3n�|6:m
�G\fd, p.9Pe FS \ LS-SVM U.o*�|, �jGp\2g6:U.RVPe/1�W{:h�W{\ LS-SVM U.�0�w. ?�|/�S, �DU.�℄Rw�\�qU^:o*�|y32n\\m
�G0<; LS-SVMU.\U^Vo*�q�e2g6:`{U.,Pe FS\ LS-SVM U.\U^Vo*'/:6. Y
 SVM �{Vpq("�2g6:�{�', U SVM pU\4℄)=kT,�$0<�Rb%[6\<63m�0,"4���o, u6:\k�2F�"�; �uwA,2g6:�{\7�g�VU.jy^0<4F�#�0, ��g�#(wv. Ww, y4l �%�6$o*�{�CC�\<{, R�C&9Lwg��|o*|/\-
2.Fj��
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