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Abstract: Hazelnuts are one of Iran's agricultural products, which are mainly exported to the world
market. Data mining methods are well able to provide manufacturers with the necessary information in
the field of product performance modeling. This research has investigated the effectiveness of advanced
artificial neural network data mining methods, K-nearest neighbor, CART decision tree and multi linear
regression in estimating hazelnut yield in Gilan province using water and soil characteristics. The data
of this research was obtained from the field measurement of water and soil information and yield of
hazelnut orchards equipped with pressurized irrigation system in 2021-2022. Water and soil data
including maximum daily evaporation and transpiration, soil electrical conductivity and soil reaction
index, clay percentage, silt percentage, sand percentage, water electrical conductivity and water
reaction index and irrigation volume were selected as model inputs and model output performance. The
results showed that the leading artificial neural network model performs better than the other three
models due to higher correlation coefficient statistics (0.98) and higher Nash-Sancliffe coefficient
(0.96). Also, CART decision tree has correlation coefficient (0.93), Nash Sutcliffe coefficient
coefficient (0.93) and K-nearest neighbor method has correlation coefficient (0.9), Nash-Sancliffe
coefficient (0.7) and multiple linear regression method. The variable has correlation coefficient (0.67),
Nash-Sancliffe coefficient (0.47), which indicates higher accuracy of CART decision tree method.
Therefore, the advanced artificial neural network model can act as a powerful tool in estimating
hazelnut performance.

Keywords: Multi linear regression, Classification and Regression Tree, Feed Forward backdrop Neural Network,,
K-Nearest Neighbor

Introduction: Predicting crop yield using data has an important impact on socio-economic issues and political decision-making
at the regional scale. Guilan province is considered as the hub of hazelnut production in the country. In the science of statistics,
there are various methods for categorizing, recognizing patterns, forecasting and modeling data. To predict the performance of
agricultural products with data mining, various methods such as K-nearest neighbor (KNN), Classification and Regression Tree
(CART), neural network feedforward back prop (FFB) and multi linear regression (MLR) are leading .Since the prediction of
hazelnut yield using data mining methods is very important for the decision makers of the agricultural sector in terms of
knowing the positive and negative factors in the yield. This research aims to answer this need by using all these
methods for hazelnut orchards equipped with drip irrigation system in Guilan province.

Methodology:The information used in this study includes the amount of water consumption and yield of hazelnut and the
parameters related to these two indicators in hazelnut orchards equipped with pressurized irrigation systems under the
management of operators in the cities of Guilan province, including Roodsar, Amlash, Siyahkol and Roodbar, which in a
research The measured quantities included the salinity of the irrigation water, the salinity of the saturated soil extract, the
number of times of irrigation, the yield of corn, and the volume of water consumed per tree in each irrigation round. To
determine the characteristics of the soil in each garden, the depth of activity The roots (0-30 cm) were sampled from the soil.
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At the same time, water samples were also obtained from the gardens of the region and the electrical conductivity of the water
samples was measured. The volume of water needed in each round of irrigation for each tree was obtained by measuring the
irrigation water. The percentage of sand, silt and clay was also obtained by determining the soil texture by hydrometric method.
The amount of yield in one hectare was also obtained after the harvest at the end of the harvest in the year 2021-2022.

Results and Discussion:To model the input variables including daily maximum evaporation and transpiration
data, electrical conductivity and soil acidity, percentage of clay and percentage of silt and percentage of sand,
electrical conductivity and acidity and irrigation volume for each tree in each irrigation round and hazelnut yield
as the output of the model. Work was done. The results obtained from each of the models were compared with the
measured values using statistical indices of correlation coefficient (R), root mean square (RMSE), Nash Sutcliffe
coefficient (NSE) and the best model was selected. The variables of volume of water required by the tree in the
irrigation cycle, irrigation water reaction index, soil silt percentage and soil reaction index showed a positive
correlation with crop yield. Also Irrigation hours, electrical conductivity of irrigation water, sand percentage, clay
percentage, sand percentage, soil electrical conductivity and maximum daily evaporation and transpiration showed
anegative correlation with crop yield. The results showed that the leading artificial neural network model performs
better than the other three models due to higher correlation coefficient statistics (0.98) and higher Nash-Sancliffe
coefficient (0.96). Also, CART decision tree has correlation coefficient (0.93), Nash Sutcliffe coefficient
coefficient (0.93) and K-nearest neighbor method has correlation coefficient (0.9), Nash-Sancliffe coefficient (0.7)
and multiple linear regression method. The variable has correlation coefficient (0.67), Nash-Sancliffe coefficient
(0.47), which indicates higher accuracy of CART decision tree method

Conclusion: By evaluating the results, it was found that the forward neural network method with the error
backpropagation method provides more accurate results than the decision tree, K-nearest neighbor, and
multivariate linear regression models. The CART decision tree method was more accurate than the K-nearest
neighbor method, which is the reason for the higher efficiency of the decision tree model due to the uncertainty in
the phenomena related to water and soil or the approximations of the measured values. The multivariate linear
regression model also cannot provide accurate results due to the non-linearity of water and soil characteristics.
Therefore, artificial intelligence techniques can be introduced as an efficient tool for developing correct
management plans in the field of product performance.
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Table 1 Efficiency classification of models based on evaluation indicators (Diaz-Ramirez et al., 2011)

Efficiency R RMSE NSE

Very well® 0.93<R<l 0<RMSE<0.5SD" 0.75(NSE< 1
Wellb 0.88 <R<0.92 0.5SD<RMSE<0.6SD  0.65 <NSE <0.75
Suitable® 0.81 <R<0.87 0.6SD<RMSE<0.7SD 0.5 <NSE <0.65
Unsuitable? R<0.8 RMSE>0.7SD NSE <0.65

*SD: Standard deviation, a: Very well, b:Good, c: Appropriate, d: Inappropriate

Table 2 Summary of descriptive statistics of investigated features in the study area

ET Y

. % H ECy Clay  Silt  Sand ECs
Varible ((rir;r;/ (m’) (hr) PHw (dsm") (%) (%) (%) PH; (dsm™) ("fl(;;l/
Mean 346 195 1163 747 4488 2475 3192 4311 722 06l 1.29
Variance 047 020 4699.6  0.05 9223 94.19 4048 18474 0.02  0.02 0.01
Skewness 018 024 371 027 0.41 060 -061 127 079 005  -0.52
Kurtosis 150 238 1848  -094  -0.75 074 050 1.00 133 038 0.35
Minimum 200  1.00 3300 7.06  300.0 400 17.10 2460 691 031 1.00
Maximum 540  3.00 471.00 7.86  650.0  38.00 4250 7740 770  0.95 1.50
Coefficient 198 2308 5893  3.05 2140 3922 1993 3153 213 2082  8.03
Variation
Pearsons 5033 002 0170 0278 -4 0070 0296 -0.106 0.139  -0.13
coefficients

a: Mean, b: Standard deviation, c: Variance, d: Skewness, e: Erratum, *: 1% significance level, **: 5%
significance level
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Table 3 Regression model of Hazelnut yield prediction

EC;s
. ET A\ Hr ECw Clay Silt Sand N
Variable Constant (mm/day)  (m?) (r)  @sml) (%) (%) (%) (dls)m PHw PH;
R.C. 4.02 0.10 -0.18  -0.08 -0.24 -225 -123 323  -0.25 0.07 0.04
Sig. 0.14 0.58 0.69 0.67 0.07 0.15 032 0.19 0.15 0.64 0.85
R.C: Regression coefficients, Sig: Values at 5% significance level 5%
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Table 4 FFB model properties
Layers Properties
. . .. layer layer
Parameter Y Arithm Algorithm OUPNC o lnput
& g (Linear) (Sigmund)
Mean Squared ~ Gradient Descent
Value Error Momentum(GDM) ! > 2
Function Parameters properties
. . . Slope Min
Min Gradient Search Parameter Iterations Efficiency Gradient Search
Charambos Charambos Value 266 0.0029 Charambos ~ Charambos

A4
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Table 5 Evaluation of models

Train Test
Parameter NSE RMSE R NSE RMSE R
KNN 0.9 0.031 095 0.7 0.018 0.9
CART 0.86 0.041 092 0.85 0.029 0.93
FFB 098 0.014 099 0.96 0.023 0.98
MLR 0.72 0.71 0.57 047 0.63 0.67
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