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Table 2- The results of correlation between climatological parameters, saffron yield and cultivation areas
EVP SH RF MAH MIH RH6.3 RH12.3 RH18.3 MIT MAT MT SY CN

EVP 1
SH 0/468™ 1

RF o520 05017 1

MAH 0, oja10™ 0/506 1

MIH -07191" ) oo 0/3007 0/215 1

RHE.3 () 15 /33 0-690" 0.748770.524 1

RH12. - -

3 06417 0.629" 07187 0.68977 0,557 0.951 1
RH18. - -

3 0.657***0.563***0'605 0.765  0.440  0.929 0.852 1

MIT 0.6717" 0.420™" -0.688™"  -0.800"" 1

0.53970.565"" 0.243" 0.750™"

MAT 0.732"" 0.488™" 0.755™"  -0.747™"  0.957" 1

0.63070.523770.293" 0.771™"

MT 0.585"" 0.343™" wer -0.170™ -0.594™  -0.803"" 0.969™" 0.861"" 1

0.445™" 0.566 0.689™"
SY -0.082 -0.156" 0.043 026;8*** -0.028 -0.150" -0.071 -0.163™ 0.108 0.044  0.156 1

CN 0367 032" -034™ -0777" -016" -060"" -055"" -067 055 046 0597 0.38 1
N g oo Y o g g)bliae i a4 FFF G FF X
* **and *** indicate significance levels at 0.1, 0.05 and 0.01, respectively.
Minimum Absolute(ceSe yio  p,5) Jslis sllas coglo, :MIH Rainfall (Mm) (2 .be) 55,0 RF

Humidity (g m™®)
(9 Maximum Absolute Humidity(cuSe o » p,3) yiSlas 3o cugb, MAH

Sunny hours sl celw :SH

m-3
Min Absolute Temperature (°c) 8l lhs slos :MIT Relative humidity (6:30 O’Cloci)(f:\“«c;&b)w Cagb, RH6.3
Max Absolute Temperature (°C) Sl slas (slos MAT Relative humidity (12:30 o’clock)(VY:¥'+ celw) s cugb, RH12.3
Yield (kg.ha®) (S 45 p)55LS) 5,Slos SY Relative humidity (18:30 o’clock)(VAY'+ cel) oo cugb, :RH18.3
County Number ;,luw o5 58 :CN Mean Temperature(°c) (s,5_sls) by :Ske :MT

Evaporation (mm) (e Jle) wes EVP
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1- Selection pressure parameter
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Table 3- The evaluation results of various neural networks with different neuron numbers
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Algorithm for network Training Levenberg- Variable learning Bayes regulation

Marquardt rate method Scaled

conjugate gradient

Jol ¥ (49,9 slai
Neuron N ber i . . . o
number in tf]“m” ””d”; I (MSE) s 9% (MSE) lé ©%°  (MSE) s O%°  (MSE) s O
the first layer € second fayer (R (R) (R) (R9)

093 &Y (9,95 dlaxs o Sl o o o el o o FEJUNCE o o & wlbe o po

2 0 1.10 0.40 3.97 0.13 2.56 0.27 3.44 0.29
2 3 231 0.31 4.53 0.16 2.44 0.27 1.83 0.36
2 5 1.36 0.41 3.46 0.19 1.70 0.34 3.51 0.20
4 0 1.50 0.39 3.20 0.19 171 0.36 1.91 0.26
4 1 1.74 0.30 4.70 0.16 171 0.30 1.84 0.30
4 4 1.24 0.44 4.87 0.21 2.17 0.23 2.79 0.20
4 5 1.84 0.36 3.26 0.13 2.04 0.39 1.76 0.29
6 0 1 0.47 3.70 0.19 1.61 0.30 131 0.37
6 3 0.66 0.51 3.27 0.09 181 0.24 3.63 0.17
6 5 0.80 0.53 4.43 0.14 1.23 0.43 2.07 0.34
8 0 111 0.44 5.09 0.14 1.10 0.37 2.23 0.24
8 1 1.13 0.41 4.17 0.11 3.07 0.20 2.26 0.26
8 4 1.33 0.47 3.94 0.13 2.26 0.30 1.17 0.36
8 5 1 0.51 3.84 0.11 1.59 0.41 1.76 0.31
10 0 1.87 0.43 3.51 0.17 1.79 0.31 1.79 0.36
10 2 131 0.34 4.14 0.19 1.64 0.36 1.93 0.33
10 3 0.94 0.50 4.30 0.19 2.39 0.23 1.76 0.33
10 5 1.64 0.40 3.20 0.17 1.64 0.41 1.40 0.36

Ol Sl ailia i 53 (S9B031 e S g 8151 (R?) et a6 9 (MSE) b @150 0o e —£ Jgoi
Table 4- The values of mean squared error and coefficient of determination for different data mining methods in the
estimation of saffron cultivation area

MSE  MSE R? R?
Model Juo (0o59el) (ca9oil) (ohsoel) (ci9e3)
(Training)(Testing)(Training)(Testing)
Linear regression s s, 2.43 2.73 0.24 0.17
Pure quadratic regression jalls pgs 43 ;a3 1.10 1.64 0.42 0.34
Interaction regression Llize 51 -gu )5, 0.61 2.71 0.51 0.40
Quadratic regressione s as 3 ;a3 0.54 3.73 0.54 0.31
Neural network _.ac 48 0.66 0.81 0.61 0.53
Pattern recognition ¢ jasuis 1.07 1.14 0.44 0.34
Local linear model tree _J>o a3 cé ) 0.73 0.99 0.48 0.43
Discriminant analysis ascis Ul 0.01 0.51 0.99 0.96
Classification tree cioaib s ) 0.28 2.15 0.96 0.74
Regression tree  jsgw,s, cé 0.28 1.65 0.93 0.73
Random forest _sslas JSix 0.26 0.84 0.96 0.89
K nearest neighbor alues oy 555 K 0.00 0.31 1.00 0.94
Support vector machine (Linear) (_las) ol jby uile 0.01 0.42 0.99 0.93
Support vector machine (Polynomial) ((slalesdia) oyluis Jlsy oesle 0.00 0.96 1.00 0.88
Support vector machine (Radial basis) (e gles) oyl Jby uile 0.01 0.51 0.99 0.94

Support vector machine (Squared Hinge-Loss) (Yo cél g ye) oluids by opmile  0.50 0.74 0.68 0.46
Group method of data handling Wesls 29,5 (¢ 5l e 1.34 2.21 0.38 0.34
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Table 5- The values of mean squared error and coefficient of determination for different data mining methods in the
estimation of saffron cultivation area using three effective factors

MSE  MSE R R
Model Jao (0%595)  (0903)  (L9398)  (e3903)
(Training)(Testing)(Training)(Testing)

Linear regression ks sm,3, 213 2.82 0.22 0.16
Pure quadratic regression _alls pg> 453 om0 5, 1.40 1.54 0.37 0.32
Interaction regression blize 5l :gew,5, 1.28 1.82 0.40 0.38
Quadratic regression pgs 4s > om0 5, 1.23 1.73 0.41 0.39
Neural network .ae 45 1.40 1.62 0.43 0.37
Pattern recognition ¢l jauscis 1.50 2.20 0.31 0.28
Local linear model tree Jxo  Jos <3 ) 1.10 1.30 0.47 0.41
Discriminant analysis  asis 5JU1 0.36 0.41 0.92 0.89
Classification tree us aib cs s 0.41 1.50 0.92 0.75
Regression tree  Sgw,5, cs 0.39 0.43 0.84 0.70
Random forest _sslas JSis 0.32 0.45 0.92 0.85
K nearest neighbor 4 lues oy 555 K 0.00 0.86 1.00 0.83
Support vector machine (Linear) (_las) ol by ousle 0.15 0.31 0.93 0.91
Support vector machine (Polynomial) ( slalesia) oyluis Jy oedle 0.27 0.36 0.94 0.90
Support vector machine (Radial basis) (Lue gles) yluiis Jby uile 0.38 0.41 0.92 0.90
Support vector machine (Squared Hinge-Loss) (Yo cél aye) oluids by opmile  0.90 1.20 0.50 0.37
Group method of data Handling eesls 24,5 (il e 1.30 2.10 0.32 0.23

3,50es o)l (e ) (§9B 031> ilisee gy, (811 (R?) el sy 5 (MSE) Ud 2350 (Sl (3150 =1 Jgo
Table 6- The values of mean squared error and coefficient of determination for different data mining methods in estimation

of yield
MSE  MSE R? R?
Model Jao (5591)  (0903)  (095901)  (039031)
(Training)(Testing)(Training)(Testing)
Linear regression a3 :s.s,5, 0.03 0.05 0.28 0.02
Purequadratic regression _alls ped 4,3 cygaw,5, 0.03 0.05 0.41 0.01
Interaction regression lize 1 g3, 0.02 0.12 0.66 0.02
Quadratic regression pgs 4>, om0, 0.01 0.26 0.72 0.01
Neural network _ac a5 0.03 0.05 0.25 0.01
Pattern recognition ol jasuis 0.03 0.06 0.24 0.03
Local linear model tree Jxo ot cs ) 0.03 0.05 0.39 0.05
Discriminant analysis _auswis ;Jul 0.01 0.07 0.74 0.09
Classification tree candib cs 0.06 0.09 0.32 0.07
Regression tree  ows,5, ¢, 0.01 0.08 0.80 0.04
Random forest _éslas JSis 0.05 0.05 0.17 0.14
K nearest neighbor 4lues o 555 K 0.00 0.08 1.00 0.18

Group method of data handling aesly 29,5 (sjleJss  0.03 0.04 0.30 0.04
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Abstract

Yield prediction for agricultural crops plays an important role in export-import planning, purchase
guarantees, pricing, secure profits and increasing agricultural productivity. Crop yield is affected by
several parameters especially climate. In this study, saffron yield in the Khorasan-Razavi province was
evaluated by different classification algorithms including artificial neural networks, regression models,
local linear trees, decision trees, discriminant analysis, random forest, support vector machine and
nearest neighbor analysis. These algorithms analyzed data for 20 years (1989-2009) including 11
climatological parameters. The results showed that a few number of climatological parameters affect
saffron yield. The minimum, mean and maximum of temperature have the highest positive correlations
and the relative humidity of 6.5h, sunny hours, relative humidity of 18.5h, evaporation, relative
humidity of 12.5h and absolute humidity have the highest negative correlations with saffron
cultivation areas, respectively. In addition, in classification of saffron cultivation areas, the
discriminant analysis and support vector machine had higher accuracies. The correlation between
saffron cultivation area and saffron yield values was relatively high (r=0.38). The nearest neighbor
analysis had the best prediction accuracy for classification of cultivation areas. For this algorithm, the
coefficients of determination were 1 and 0.944 for the training and testing stages, respectively.
However, the algorithms accuracy for prediction of crop yield from climatological parameters was low
(the average coefficients of determination equal to 0.48 and 0.05 for training and testing stages). The
best algorithm i.e. nearest neighbor analysis had coefficients of determination equal to 1 and 0.177 for
saffron yield prediction. The results showed that using climatological parameters and data mining
algorithms can classify cultivation areas. Using this approach, it is possible to identify areas that have
similar climate to prone areas and recognize suitable areas for cultivation.
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