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1 .a (Matlab b ()- 2011(  
Fig 1.Comparison of curve fitting with a) Matlab software neural network fitting tool and b) Regression (Khorsandi et al. 2011)  

2 .-  
Fig 2. Network regression diagrams- Static test 

3 .-  
Fig 3. Network performance diagram-Static test  
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  MSE  R2 

3  3.67  0.93 
6  1.98  0.97 

10  0.94  0.98 

15  1.6  0.97 

20  2.87  0.94 
 

  MSE  R2 

50  0.2  0.75 
100  0.13  0.84 
300  0.06  0.92 
600  0.05  0.94 
700  0.04  0.95 

1 .
  

Table 1. Effect of hidden layer neuron numbers on mean 
square erron and R2 

 

4 .-  
Fig 4. Network regression diagrams- Dynamic test 

y = 1.03x - 3.66
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Fig 5. Relation between the measured soil moisture content by 
sensor and actual moisture content (Khorsandi et al. (2011)) 

6 . -   
Fig 6. Network performance diagram-Dynamic test 
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Abstract 
Soil moisture content is one of the most important physical characteristics which has a great effect on 
agricultural products. Using capacitance-based sensor is a method of measuring soil moisture content. 
In this method, soil is a part of capacitance-based sensor dielectric. In this research, output 
frequencies of a capacitance-based sensor were fitted with neural network and the results were 
compared with regression. Fitting the static test data with neural network showed an appropriate result 
similar to Khorsandi et al (2011) acceptable regression result. Results showed that the designed neural 
network for the dynamic dataset could attain a better coefficient of determination (R2= 0.94) than the 
regression (R2= 0.7). However, no appropriate result was achieved in testing the designed network for 
the dynamic data with the static one. In addition to the soil moisture content, the output data of sensor 
depends on the temperature, soil type and other soil parameters. So, it is not possible to design a 
unique neural network for both of the dynamic and static tests data of this sensor. 
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