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Figure 1. Geographical location of the study area.
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Table 1. Evaluation of the soil texture prediction in whole study area using regression models.
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Table 2. Statistical analysis of presence or absence of a significant relationship between the indexes used as
independent variables and amounts of clay, silt, and sand in samples taken from bare.

o <l o
(Sand) (Silt) (Clay)
€ e ¥ bl €l ¥ bl €l ¥ bl
(Coefficients) (Parameter) (Coefficients) (Parameter) (Coefficients) (Parameter)
51127 by 1.881™ O -0.498"™ O
54257 Bl (o 1.130° Bl " 1.088™ B2 24
11.145™ B2 23 5,645 B2 23 4214 B3 9
-19.028" B2 24 8.781" B2 24 3.505" B3 s
14.957" B3 a4 -5.899" B3 s 6.045" B4 -
52.328™ B1 -426.048" B3 26 -5.190” B3 (=
34.983" B2 0.194" B3 . 9.331" B4>
-87.701" B3> -0.146"™ B4 - 7.104 B5®
34.922™ B4> 1.953 B3 (= 0.042" PC3
-0.159™ PC3 -23.05" B1? -11.3217 NDWI
-17.990" MSAVI2 57.722" B3’ R?=0.187
-28.465" B4
R?=0.284 12,5917 NDWI
19.386™ MSAVI2 R?=0.309
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" Non-significant, * Significant at P<5%, ** Significant at P<1%.
¥: Parameters entered to model, €: Regression coefficients.
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Table 3. Evaluation of the soil texture prediction bare soils using polynomial regression models and

reflectances from the different bands.

ds a3 Gldad 33 a3 Gldar s

S s labes Lo

d - d - ¢ . > Ak
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Table 4. Evaluation of the soil texture prediction bare soils using polynomial regression models and soil and

vegetation indexes extracted from satellite imagery.
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Table 5. Evaluation results for applied network to predict clay, silt, and sand in bare soil.
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Abstract

Background and Objectives: In recent years, several researches have been done for remote
sensing of soil texture using radar data. While there is no report on application of passive and
free satellites data including ETM+ and MODIS. The remote sensing of soil texture also is
limited by the presence of vegetation on soil surface. So the current research was aimed to
evaluate applicability of ETM+ data for remote sensing of the soil texture as well as assessment
of the vegetation effects on precision of the predictions.

Materials and Methods: To achieve the goal of the project, the soil separates were measured in
225 different points within the study area on the northern slopes of Mount Sahand which is
located between longitudes of 46 degrees 22 minutes and 23 seconds to 46 degrees 28 minutes
and 5 seconds and latitudes of 37 degrees and 43 minutes and 7 seconds to 37 degrees 50
minutes and 8 seconds. Also, the available ETM+ data over the study area were downloaded.
Several methods including empirical, statistical and black box (artificial neuron network, ANN)
models using Excel, SPSS and Matlab software’s were applied to create different functions
for remote sensing of soil separates. Applied models were evaluated using the statistical
criteria including Root Mean Squared Error (RMSE), assessment error (E) and coefficient of
determination (R?).

Results: The results showed that in the presence of vegetation on the soil surface, prediction
accuracy dropped to zero. However, in the bare soils and soils without vegetation, predictions
were sufficiently accurate. Although empirical and statistical approaches showed low accuracy
(with R* lower than 0.3) for remote sensing of the soil separates, black box model using ANN
algorithm was accurate enough (with R* higher than 0.5).

Conclusion: The results showed that the use of statistical methods and regressions to remote
sense soil separates using ETM + data had very poor accuracy in whole study area with four
different land-uses (poor pastures, drylands, irrigated areas and bare soil) and even in bare soils.
However, the results of using artificial neural network algorithm for remote sensing soil
separates in bare soils significantly increased the accuracy of the predictions.
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