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Fig.1 SADE - RVM algorithm modeling flowchart
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e o0 o6 HEHLAR A EOCFEM,  UE SEAF O3 B2 A AR T
Unqualified PR 2R R, ASSCRE LR BUR X6 7 DB ATl

2 EHISH

A SCCLSE A TR i BLAR AL D 1, A T
AR AR TN R, 5 0l A TR RS 8 e m] R HEAT )
ECIM BT, R W AR SO L B St T AR S0 7 925 1) T AT 1
ST

PHB AL 6 ANk . b T s, FE
IRAEZA AR P B AT ek . WS (A TE
RSP S T 1978 —2010 4F 8 A7 T AL AR )
F AL R E RS, HAASE W& 2. TR AR
[, BRSO . R, 50 R Ah a3k 4T
VA — b Ab 5 A AT TR AT

F2 1978—2010 FEAMH IR KR EZMERZLE
Table 2 Data of cultivated land area and its influencing factors in Huangshi city from 1978 to 2010
o ADEEC o HRBEESRE  RHERASO T S U T
Year Total popu}atlon Urbanization x,/% Social mvestmen; in Per caplt‘a income gf rural  Non-agricultural economy management Cu]tlvazed z;rea
x1/10 fixed assets x3/10°C residents x4/ 70 rate xs/% policies xq ¥/10"hm

1978 166.68 30.00 1.26 97.00 77.30 1 9.29
1979 169.42 30.00 1.46 126.00 75.87 1 9.29
1980 172.41 30.50 1.60 114.00 77.90 1 9.26
1981 176.21 31.00 1.31 139.00 78.64 1 9.23
1982 179.57 32.00 2.03 199.00 79.17 1 9.19
1983 181.63 32.00 2.40 249.00 80.40 1 9.17
1984 184.16 33.00 4.04 318.00 78.27 1 9.12
1985 188.73 34.00 4.67 407.00 77.34 1 9.00
1986 192.13 35.00 5.69 436.00 75.97 3 8.72
1987 195.69 36.00 6.94 427.00 77.07 3 8.54
1988 199.79 37.00 8.07 454.00 79.24 3 8.51
1989 202.81 38.00 6.35 527.00 81.78 3 8.47
1990 211.52 39.00 5.67 590.00 79.57 3 8.43
1991 216.37 40.00 7.18 607.00 83.35 3 8.41
1992 219.65 41.00 13.80 660.00 84.54 3 8.38
1993 226.65 42.00 16.47 737.00 84.67 3 8.29
1994 231.39 43.00 17.89 1001.00 82.46 3 8.18
1995 235.46 44.00 20.20 1270.00 83.00 5 8.16
1996 237.86 45.00 23.84 1594.00 84.69 5 8.12
1997 240.12 46.52 28.62 1771.00 83.89 8 8.08
1998 243.58 47.66 34.61 1853.00 88.25 8 8.06
1999 245.86 49.31 35.83 1962.00 89.28 8 8.10
2000 247.82 49.29 40.86 2065.00 90.08 8 8.02
2001 248.87 49.29 47.35 2140.00 90.73 8 7.85
2002 249.83 49.50 54.45 2230.00 91.18 8 7.56
2003 250.82 49.60 69.23 2335.00 91.39 8 7.32
2004 251.75 49.60 88.30 2626.00 90.52 8 7.43
2005 252.80 49.61 106.46 2810.00 90.69 8 7.67
2006 254.36 49.75 138.05 3182.00 91.73 8 8.19
2007 255.39 50.41 179.85 3742.00 91.61 10 8.74
2008 257.31 50.35 232.67 4374.00 92.19 10 8.71
2009 258.56 50.55 343.05 4811.00 92.08 10 9.07
2010 268.01 53.06 474.06 5524.00 92.23 10 8.98
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OB domm B AR e R om BOE B
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r=1978 °
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()22 5y MR E 2 S0 /], BWOE IR 2L
Np=80, Fax=0.8, Fiin=0.3, C11ax=0.95 C,1in=0.15 G11,0,=200,
1 SR A Bt I ASS 20 T o o U R B AR 4 ), #ffe
B 28 BN 25 )5 1 08 B VAT 78 A% ek B0 2 50K
W:1'302’ GzMP = 00009 ’ {Xr’yr}r:19791198211987, 1994, 1998,2001,2002
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b N R R I R V2 S VA O S - 1 I =+
W = [Wigr0s Wigga» Wiogs > Wisos > Wiges s Wagors Wagon ] » TR 2R 50
T w, = bias =0.7720 o HHLL B2 %, @7 IHEHb TI0 A
Hy=w'd(X)+w,o
2.2.2  FEHARTRARA
LA 1978 —2000 4 (1 34 A Tk A AL S DX 38 S 3t

T L R BRI BE TR SR 261
TR AN R (X, ) X, € Ry, € R,

LL 2010 4EMI(X,,p,} ., AIREE, PR
bt TR 0 TOTI0KG o AR5 Jo e I R M R AT 2 5T
i e A 3 B y=11327 , 67, =00077 ,
(X0, ) ot tosotosaross.oor X EIRT 5 AN YIZREE AR K 1)
5, ARG AR SNBSS LU R 523, WV
AT LT T W = [Wi0g1s Wiosa> Wiosa s Wioss sWigor | » 10 20 5
T w, = bias =0 « F-F UL S5, @er b H i
y=w'd(X)+w,o
2.3 (EBIFUNEE RIFH
2.3.1 a4 R

IR AR X, v, ), 1 X N A
MBI, S 2006—2010 FERFHUAR p,200 0 KM
T2 0720006 o BN 5% BRI B F X R AT (197,
Wbt z,, =196, IFATE y0 M REAR XA P A
T AT DG 1) AL A P TR (K RS B, JE T 20T
£EPEMA. BP &%, LS-SVM &7 Ji 1Bk w7
PR AR 25 S W2 3.
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Table 3  Short-term predicted and measured values for cultivated land area

P SEPNME MLR Tl (& BP Tl LEWMﬁW SADE-RVM/10*hm’
Measured Predicted Predicted [ Predicted FE X (]
Year values/10*hm? values/10*hm’ values/10*hm? values/10*hm’ Predicted values Conﬁde;lce interval
2006 4 8.19 7.2095 8.0047 8.2634 8.2212 {8.0864, 8.3560}
2007 4 8.74 6.8415 8.2537 8.7494 8.6414 {8.4506, 8.8322}
2008 4F 8.71 6.5225 8.3696 8.6755 8.8369 {8.6169, 9.0569}
2009 4F 9.07 5.2009 8.3720 8.5804 8.9677 {8.7257, 9.2098}
2010 4 8.98 3.5213 8.3720 8.5797 9.0186 {8.7663, 9.2708}
F 4 FEEAFN P EH T E AR TUNAR R AN 4R RR
Table 4 Evaluation index of predicted model for short-term and mid-term cultivated land area
539 Short-term 1 1] Mid-term
ity w o PURE \ \ ANz
Predicted MR SES gﬁ W WEMR R 2
models MAE MRE RMSE Computational P lt *  Smallerror %% MAE MRE RMSE Computational Posterior Small error 52
efficiency/s osterior probability efficiency/s error C probability
error C P P
T Re
MLR 2.8789 32.4500 3.2900  4.2209x107 0.24 2.15 % 20286 22.59 2.0286 4.5589x107 0.96 0.89 "
BP 0.4636 5.2400 0.4987 5.1x107 0.91 0.32 “H% 09536 10.62  0.9536 5.6x107 0.82 0.42 B
LS-SVM  0.2014 2.2500 0.2852 6.4x107 0.97 0.23 I 04781 532 04781 7.9x107 0.96 0.21 uf
SADE-RVM 0.0795 0.9000 0.0880  2.2724x107 1.00 0.07 LF 02447 272 02447 9.0052x107° 1.00 0.12 If

K 3 KW 2006 —2010 A RS b A LE F IS
N HEA AR G [ T HUAG 0 95% BAS E BAS X Ay, HIF sk
TREE R 5E. 3R 4 nlan, 0 TR T AR T,
3 S AR O ) B L5 OORS FEFR bR I e I, B 55

Gm T U7, UESEATSCHR W IRRE i A T 75 v R
A7 AR e 0 R PRI o e 37 3 Y AR G 1A FERILIR)
RN PRI, 28 ALKt o AT 7 400 AHSE
o R A S SRR, AR R 20, A
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r=1978

DARERL, FFRS IR E G { v,010, Xoro } REAT T, 34T
2010 R4 R RO IR SINAE 15 3 Y B A AF G )
BURL RS0 25 5k 8.7353 X 10*hm?, %} & B AZ X (1] Ky
{8.6619X10%, 9.0546X 10"} hm*. £ tZkE[H. BP
k. LS-SVM AL T 45 B 43 51 K 1.10086 X 10°,
8.0264 X 10*, 8.5019X 10*hm*. ik & 455 70 i ) &5 4L,
A B TR () MAE. MRE. RMSE. )56 %
e C ANRZEMER P vFRBORE L BRSSP 4R AR
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Prediction model for cultivated land area based on self-adaptive

differential evolution and relevance vector machine

Luo Yiyong'?, Zhang Hao**, Zhang Liting*
(1. Faculty of Geomatics, East China University of Technology , Nanchang 330013, China; 2. School of Geodesy and Geomatics, Wuhan
University, Wuhan 430079, China; 3. College of Civil Engineering and Architecture, Zhejiang University of Technology, Hangzhou 310032, China)

Abstract: In order to solve some key problems existing in the previous prediction model for cultivated land area, for
instance, the nonlinearity, sparseness and the result reliability, a new prediction model for cultivated land area is
proposed through fusing and improving the self-adaptive evolution and relevance vector machine in the paper. By
analyzing the characteristics of convergence rate for differential evolution algorithm, the functional relationship among
shrinkage ratio factor, crossover probability, maximum fitness and minimum fitness is established. Meanwhile,
individual shrinkage ratio factor and crossover probability of the next generation are determined based on the current
individual fitness data. And the self-adaptive differential evolution algorithm is also developed in this way which can
effectively improve the global convergence ability and the robustness of the algorithm. The current studies have
confirmed that the kernel parameters have a greater impact on the prediction accuracy of relevance vector machine.
Therefore, in order to improve the accuracy of the model, fitness function is established based on leave one cross
validation and the relevance vector machine on the basis of self-adaptive differential evolution is also proposed by
optimizing the kernel parameters. As the new model has the advantages of sparsity and nonlinearity, and can output the
information of the uncertainty of the results, the new method is used to predict the cultivated land area. In order
to prove the excellent properties of the new method, the accuracy of the model is evaluated by choosing 5 kinds of
precision indices including mean absolute error (MAE), mean relative error (MRE), root mean square error (RMSE),
posterior error and error frequency. The computational efficiency and the reliability of the model are estimated
quantitatively by running time and confidence interval. Taking Huangshi City as an example, a short-term and a
middle-term prediction model for the cultivated land area are set up on the basis of the self-adaptive evolution and
relevance vector machine. And these two established prediction models are also compared with the multivariate
linear regression model, back propagation (BP) neural network and least squares support vector machine in terms of
accuracy, computational efficiency and reliability. The experimental statistics reveal that the newly established prediction
model based on the self-adaptive evolution and relevance vector machine is about 2 times higher than the rest 3 models
in accuracy, 2 times as much as multivariate linear regression model and 2 orders of magnitude higher than the BP neural
network and least squares support vector machine in computational efficiency; the actual land area of the test data set is
all in confidence intervals at the 95% confidence level, which is obtained by prediction model for cultivated land area
based on self-adaptive differential evolution and relevance vector machine. All the above data confirms that the model
based on the self-adaptive evolution and relevance vector machine is a new approach to the prediction of the cultivated
farm land with high accuracy, fast calculation and strong reliability.

Key words: land use; algorithms; support vector machines; cultivated land area



