
567 
 

RESEARCH JOURNAL OF FISHERIES AND HYDROBIOLOGY, 10(9) May 2015, Pages: 567-572 

Kamran Mohsenifar and Ali Gholami, 2015 

 

RESEARCH JOURNAL OF FISHERIES AND HYDROBIOLOGY 

 
© 2015 AENSI Publisher All rights reserved 

ISSN:1816-9112  

Open Access Journal 

Copyright © 2015 by authors and American-Eurasian Network for Scientific 

Information. 

 

This work is licensed under the Creative Commons Attribution International License 

(CC BY). http://creativecommons.org/licenses/by/4.0/ 

  

 

Assessment of empirical and ANN models 
on salts transport of soil in Khoozestan 
province (Ramshir) Iran 
1Kamran Mohsenifar and 2Ali Gholami 

 

ABSTRACT 
Iran is mostly located in arid and semi-arid areas in terms of geography. Poor drainage 
condition leads to concentration of soluble salts in the soil in arid and semi-arid areas over 
time. A scientific model is essential in order to reduce salt by leaching procedure. The 
present study aimed to provide a leaching model for washing salt using Artificial Neural 
Networks (ANN) and compared the proposed model with five experimental models. For 
this purpose, a piece of land was selected in Southeastern part of Ramshir City in 
Khuzestan Province. Four plots with 1m x 1m dimensions and three repeats with four 
irrigation times and 25 cm depths were used. Several samples were taken from 25, 50, 75 
and 100 cm depths after reaching the field capacity in order to measure electrical 
conductivity (EC) and exchangeable sodium percentage (ESP). Excel software was used to 
obtain five experimental models (exponential, linear, logarithmic, polynomial, power). EC 
and ESP were entered as input and depth of irrigation water was logged as output to neural 
network system with back propagation (BP) algorithm. Feed-forward Backprop Model 
with five layers and 5, 5, 3, 2, 1 and 2 neurons by the fifth layer were respectively selected. 
ANN was simulated with 0.00379 error (MSE). The results indicated that ANN correlation 
was higher (0.98), which shows the effect of depth of irrigation water on soil salinity and 
sodium at different depths with greater accuracy. 
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INTRODUCTION 

 

Salinity is the second greatest and most common environmental stress at global level and Iran after drought. 

A significant portion of global natural ecosystems and crops are under salt stress (Hafsi, 2007). There are 

various salt affected soils in more than 100 countries with different characteristics and expansions (Rengasamy, 

2005). 

Iran is located in arid and semi-arid areas in terms of geography. There are some areas in the country where 

evaporation rate is more than 8 times more than the amount of rainfall (Movahhedy, 2009). 

Increased yield per unit area of irrigated land or current culture expansion depends on correct management 

practices, operation and reasonable and prudent scientific utilization of physical resources (water and soil). The 

management practices in agriculture and irrigation water aim to accomplish such goals as water saving, 

reduction of water losses through proper distribution, development of central operation tools, dehydration 

damage reduction through proper distribution for proper irrigation and decreasing soil salinity and drainage and 

practical land (Ahmadi 2010). 

Many factors affect movement of minerals and soil salinization since soil is a highly heterogeneous and 

complex environment, which is constantly changing and evolving. Therefore, the artificial neural networks 

should be used according to following reasons: their teachable capabilities, the highest correlation between 

irrigation water and changes in soil salt, a scientific model to calculate the amount of required water. 

Pazira (2001) examined the effects of intermittent leaching of salts from saline and sodic sedimentary soils 

in Khouzestan Province. They concluded that intermittent leaching is exclusively used for removal of salts from 

the soil surface as a result of changes in moisture content. 

Rezaei Arshad (2010) used ANNs to estimate the soil saturated hydraulic conductivity. He trained the 

network with a regression coefficient equal to 0.9 and a mean square error equal to 0.003. 
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Mayer and Dandi (2000) estimated Murray River salinity using artificial neural networks. They concluded 

that ANNs model is an accurate tool for estimating the quality of river. The difference between observed and 

simulated values was between 46 and 53 micromhos/cm. They suggested that this model should be compared 

with other physical or mathematical models. 

Westen et al. (2001) and Subiraj et al. (2001) used some functions to estimate saturated hydraulic 

conductivity of soil using such parameters as effective porosity, soil particle size distribution, organic matter and 

bulk density. 

Agiar (2007) showed that neural networks are better than other regression methods in most cases. Neural 

networks are bound to previous notions about the relationship between inputs and outputs compared with 

regression transfer functions. 

Zehoing (2007) showed that artificial neural network method predicts pollution (BOD, DO) in Chinese 

Yukio basin conveniently, easily, fast with little error. 

Najah (2009) simulated electrical conductivity and total dissolved solids and turbidity in Indian Johar River 

with 0.17 error. 

The present study aimed to develop a model to estimate the required water to reduce soil salinity and 

sodium. 

 

MATERIALS AND METHODS 

 

The study area with an area of 22,000 hectares is located in Southeastern part of Ramshir City in 

Khouzestan Province between 25´ and 49° to 23' and 49° eastern longitude and 53´ and 30° to 56' and 30° 

northern latitude. The highest and lowest spots under study were respectively 28m and 11m with an average 

24m depth above sea level. Characteristics of the river, irrigation water and soil are shown in Table 1. 

 
Table 1: EC and SAR average of River water, Irrigation water and Soil 

 EC(dS/m) SAR(meq/l) Class  

River water 1.4 – 4 3.25-5.18 S4C2 

Irrigation water 3.08 5.2 S4C2 

Soil 46.80 38 S4A3 

 

A piece of land in Ramshir lands in Khuzestan Province was selected. Four 1m x 1m plots with three 

repeats were created. 

In the first round, 250 ml of water was added to each plot. A plot was randomly selected from each repeat. 

Several samples were taken from 25cm depth after 24 hours (reaching the field capacity) (Figure 1). 

The sample plots were eliminated from the experiment. Then, 250 ml of water was added to the remaining 

plots. Several samples were taken from 50cm depth after extracting the gravimetric water content of each repeat. 

The samples were taken at the depth of 100 cm and leaching procedure was conducted at water level equal to 

100 cm. The samples were transferred to the laboratory drying in free air to calculate electrical conductivity of 

saturated soil extract and soil exchangeable sodium percentage. 

Furthermore, several samples were taken from a control plot before adding water in order to determine the 

amount of minerals prior to leaching. 

 

    

    
Dw= 25+25+25+25cm Dw= 25 cm Dw= 25+25+25cm Dw= 25+25cm 

Dw= 25+25+25cm Dw= 25+25+25+25cm Dw= 25 cm Dw= 25+25cm 
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Fig. 1: Experimental plan and soil sampling 

 

Excel software was used to obtain experimental models. Pure depth of the irrigation water was logged as 

the soil depth as x (independent variable) and (

eqi

eqf

ECEC

ECEC




) and final salinity to the initial salinity was 

entered to the model as Y (dependent variable). Then, five experimental models (exponential, linear, 

logarithmic, polynomial, power) were extracted by the program. 

Moreover, electrical conductivity and exchangeable sodium percentage measured by various depths of 

irrigation water was logged as input and depth of water was entered as output in neural network system. Then, 

the number of layers was selected and network neurons were trained to achieve the least error. The chart of 

leaching of salts and sodium was plotted using Excel software. The resulting model was compared with 

experimental models. 

 

RESULTS AND DISCUSSION 

 

Arrangement and irrigation in the study area can be seen in Figure 2. 

 

  
 

Fig. 2: Arrangement and irrigation in the study area 

 

Electrical conductivity of irrigation water was obtained as 3.08 dS/m and sodium absorption ratio was 

obtained as 5.2. 

Percentages of salts and sodium were decreased after leaching up to a depth of 100 cm. Only 22.73% of 

salts and 37.35% of sodium were remained. Figure 3 shows reduction in the amount of sodium and salt. Both 

have been reduced with the same slope. 

Dw= 25 cm Dw= 25+25cm Dw= 25+25+25+25cm Dw= 25+25+25cm 



570 

 

 

 
Fig. 3: Average of salts and sodium leaching percentage for 100 cm irrigation water  

 

Experimental models for Salts and sodium leaching 

Electrical conductivity and exchangeable sodium percentage were logged as y and water leaching based on 

water depth was logged as x in the software. According to Figure 4, if the ratio of water to the soil increases, 

both EC and ESP will decrease. 

 
Fig. 4: Changes EC and ESP with different water depth 

 

As observed in Table 2, polynomial model had the highest correlation coefficient (0.9252) and the power 

model had the lowest correlation coefficient (0.7567) after testing the five experimental models using Excel in 

terms of electrical conductivity. 

 
Table 2: Coefficient of empirical model for salts 

R R2 Equation Model Row 

0.8014 0.6424 y = 593.78e-9.778x Exponential  1 

0.9104 0.8289 y = -2.2201x + 2.2108 Linear 2 

0.8878 0.7882 y = -1.65ln(x) + 0.03 Logarithmic 3 

0.9252 0.856 y = -2.7033x2 + 2.0298x + 0.6007 polynomial 4 

0.7567 0.5726 y = 0.0415x-7.035 Power 5 

 

In terms of sodium, the polynomial model had the highest correlation coefficient (0.9199) and the power 

model had the lowest correlation coefficient (0.4936) (Table 3). 
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Table 3: Coefficient of empirical model for sodium 

R R2 Equation Model Row 

0.5322 0.2832 y = 30.872e-5.232x Exponential  1 

0.8504 0.7232 y = -1.6273x + 1.8743 Linear 2 

0.8117 0.6588 y = -1.184ln(x) + 0.2797 Logarithmic 3 

0.9199 0.8462 y = -4.5143x2 + 5.4696x - 0.8143 polynomial 4 

0.4936 0.2436 y = 0.1863x-3.698 Power 5 

 

ANNs model for Salts and sodium leaching 

The neural networks with multi-layer perceptron (MLP) were used to study the effect of different depths of 

water for leaching. The network consists of an input layer, one or more hidden layers and an output layer. 

The propagation algorithm (BP) was used to train the network. Then, the net irrigation depth was entered as 

input and electrical conductivity and sodium at different depths ere entered as output to the system. In addition, 

70% of data was selected for training and 30% of data was selected for testing. After determining the number of 

layers and neurons, the best network with minimum mean square error (MSE) was selected. 

The neural network used in this project aimed to achieve the least squares error, which is equal to 

𝑀𝑆𝐸 =
1

𝑛
 (𝑦𝑑  𝑡𝑖 − 𝑦𝑜(𝑡𝑖))

2

𝑖 𝑗

 

Where "n" represents the number of samples given to the network, y_d (t_i) denotes real samples and y_o 

(t_i) represents outputs of the network. 

Here, inputs to the ANN BP with different number of layers and neurons are given. The results are 

compared based on the least square error. 

The obtained model is used as sodium and salts leaching model in which the amount of salts and sodium 

can predicted by entering depth of water. 

The electrical conductivity and exchangeable sodium percentage measured by different depths of irrigation 

water were entered as input and irrigation water depth was entered as output to the neural network system. Then, 

the network was trained after selecting the number of layers and neurons to achieve the least error. 

Feed-forward Backprop Network and TANSIG transfer function was used. Furthermore, mean squares error 

(MSE) was used to measure error of the model. 

Five layers were selected. Moreover, the number of neurons by the fifth layer was selected as 5, 5, 3, 2, 1 

and 2 to obtain the network with the least error (MSE) (0.00379). 

The error for validation, training,testing and in total were respectively obtained as 0.9983, 0.99425, 0.99342 

and 0.97696. 

 

Results: 

The results indicated that the highest electrical conductivity was obtained at 0-25 cm depth, i.e. 46.8 dS/m, 

before leaching. Average soil salinity was decreased to 8.95 dS/m after leaching at this depth. The highest 

amount of sodium (38 dS/m) before leaching was obtained at 0-25 cm depth, which was decreased to 16.38 

dS/m after leaching. 

Average soil salinity was decreased to 16.93 dS/m from 27.03 dS/m by the depth of 100 cm by adding 100 

cm irrigation. Therefore, it is necessary to correct the depth for washing the salts and add water according to the 

determined depth. Leaching will be ineffective if leaching procedure was conducted by the depth lower than the 

one considered for water reform. As a result, soil salinity will increase. If the leaching procedure was conducted 

by the depth higher than the one considered for water reform, the costs will increase without decreasing soil salt. 

The results showed that the amount of sodium would decrease by leaching procedure. Therefore, it is 

necessary to determine the correct depth and add water to the soil according to the determined depth. Then, 

there is no need to add soil amendments. 

Polynomial model had the highest correlation coefficient (0.92) in experimental models whether in salt 

leaching or in sodium leaching. The correlation was higher in artificial neural network (0.98), which shows the 

effect of irrigation on soil salinity and sodium at different depths with greater accuracy. 

 

Suggestions: 

It is recommended that these tests be carried out in other parts of the project and the diagrams be drawn 

according to dynamic nature of soil chemical features in various periods, places and climates with different 

textures. The decisions should be made based on coefficients in the relevant models in that area. 

This test should be done in other areas with different salinity and acidity levels. The most comprehensive 

and perfect model should be determined for soils in that area. 

Artificial neural networks should be used to estimate water requirements for leaching of salts and sodium 

due to high accuracy and high speed and low cost.  

More information should be used in different places for better training and generality of the model. 
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It is recommended that other factors affecting leaching of salts such as environmental factors and soil 

parameters be measured and considered in the network. 
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