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Abstract

Introduction

Understanding the spatial variability of soil texture as one of the most important characteristics of soil is essential for soil and
water resources management, productivity and sustainable development. However, in many cases, we face the limitation of
field data due to the costs of soil analysis. The aim of this study was to estimate the soil surface texture (percentages of clay,
silt and sand proportions) in lack of proper distribution of field data using satellite-based indices and regression modeling.

Materials and Methods

This study was conducted in Marjan rangelands of Boroujen. Soil samples (80 replicates) were collected from each subplot
2mx2m, and at depth 0—20 cm. Garmin GPS was used to record the coordinates of the sampling locations. Then, Soil samples
from three subplots (as one plot 30mx30m) were mixed together and a sample of 500g was transferred to the laboratory.
First, the soil samples were first air-dried then passed through a 2mm. Then, the particle size distributions of soil samples
were analyzed following the hydrometer method. In order to predict sand proportions spatially from raw spectral bands and
bands compositions of Landsat 8 satellite data including particle size index (GSl), Clay Index (Cl), Band 4 to Band 7 ratio,
Band 6 to Band 7 ratio and Brightness Index (BI) and physiographic variables including DEM and slope were used as
auxiliary variables. To map soil texture compositions, we fitted a linear regression model between field observations and GSI
index. Soil sand, silt and clay content were extracted from the predicted soil texture map.

Results and Discussion

Pearson correlation analysis showed that there are a significant relationship (p < 0.05) between GSI and soil texture fractions
and Cl had a significant relationship with silt and sand. Between the physiographic variables, DEM had a significant
correlation with clay, silt and sand, and slope with clay and sand. Therefore, these variables were selected as suitable
auxiliary variables for spatial prediction of soil texture fractions using multiple regression. The central and southern parts of
the study area, have a higher amount of clay and silt. Most parts of the region have clay and silt between 40-40%. Whereas,
low silt and clay content are mostly observed in the north and northeast of the region. Based on sand map, north, northeast
and east of the study area had the highest amount of sand (>40%) and the lowest amount of sand was observed in the central
and southern parts of the region (sand percentage between 20-25%). The auxiliary variables had good accuracy in spatial
prediction of soil texture compositions, especially in limited/inadequate distribution of sampled field data.

Conclusion

The results showed that remote sensing data and topographic properties combined with field data using multiple modeling
can be used to better prediction the spatial distribution of soil texture compositions in large scale, when we are faced with
data limitations. The generated maps can be used as basic information for environmental management and modeling.
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Table 3- Pearson’s correlation analysis between soil texture fractions and auxiliary covariates

SE b sl
od — o) JER P ISR
P value r P value r P value r
0.45 01" 0.45 0.1™ 0.7 0.04™ BI
0.1 0.18™ 0.07 0.24™ 0.8 0.03™ B4/B7 j\
)
0.02 0.28" 0.2 -0.15™ 0.057 -0.24 B6/B7 i
0.00 -0.69** 0.00 0.43** 0.00 0.5** GSI =
0.00 0.38** 0.01 -0.33** 0.1 021" Cl B
0.01 0.31* 0.01 -0.31* 0.3 -0.15 DEM i %
4 R
\
V.,
0.00 0.5** 0.06 -0.24™ 0.00 -0.40** Slope % =

D e b (Stman (4, 53) Canl I sime by O Jloin] a3 (Kisd (45, 93) ol 3 sine oy V Jlais] a3 (St
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**Correlation is significant at 1% probability level (2-tailed), *Correlation is significant at 5% probability level (2-tailed), ns Correlation is insignificant

Sy oS - F Jpin

Table 4- Results of regression analysis

P-value (R®) (s S )S) Jao Sk il gl
0.00* 0.30 Y=-5.239+153.57 (GS) -0.38 (slope) o
0.00* 0.29 Y= 43.71-0.01 (DEM)+140.83 (GSI)-6.73 (CI) o
0.00* 05 Y=85.46+0.354 (slope)-304.24 (GSI)+10.33 (CI) o

Cal I3 20 P< 0.05 b 0¥
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Figure 3- Spatial prediction maps of clay (A), silt (B), and sand (C) using slope, DEM and GSI index in Marjan rangeland of
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Table 5- Results of validation indices

(el sloyas i

i o, She

; Sy godly ke Skl gl
p- value r RMSE *
0.00* 0.65 2.7 35.52 34.34 o
0.00* 0.51 6.2 43.42 38.80 s
0.00* 0.72 4.2 28.68 27.22 o

sl oline P< 0.05 zlaw 5%
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