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Figure 1- Location of the Kafemoor basin in Kerman province, Iran
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Table 1- Summary statistics of soil physical and chemical properties
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Figure 2-Reflectance spectra of soil samples in the visible- near-infrared and shortwave infrared regions based on average of
reflectance for 7 soil texture classes
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Figure 3- Reflection spectrum of 120 soil samples after applying First (FD) and Second Derivative of reflectance (SD),
multiplicative scatter correction (MSC) and standard normal variate (SNV) pre-processing in the visible- near-infrared and
shortwave infrared regions
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Table 3- Statistics results of PLSR and PCR methods with different pre-processing techniques for estimating of LogSilt (%)
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RMSEP Rpre EILT N J ) o
0.08 0.62 SD PLSR A o i)
0.11 0.82 FD PLSR A EAWESILY
0.14 0.25 SD PLSR A o )&

‘QYDLLOWD)}O )0 'M)G" uLw\J ‘) g)“" 9 L»J.aw) L) o yd

w8 ol o i g 00 (Sl polie alal, (8) S



WAY ol = (0958 o) oolod FY wls (S g ol apid Av

w3 Ao 3 VA 5, 5YL slassys j> 4 (estimation
L a8 a5 H1B V) Las (S5 o Dyl g ol (6 S0l
2 O Dy90 5 ] Gl YL polde s i ) b Cdd
S 2)l5 5929 3ygl i G o0 5 5590 5 o s jyolie

ol ST o4 i i 0 @S CBd Gl

LS

_
ES PLSR+SD
P 13
~ B * *
3o * L)
£ . * S
12 11
=
L2
1= 0.9 1 *
s D
o £ ¢
0.7 -
R2=0.62
0.5 ‘ T T T
0.3 0.7 0.9 11 1.3 15

(1) 20 (oS 10 L o)1
Measured Logelay (%)

2

VB 31 5 o 51 il L 5 sm550 ol (8) S5
00 dygly g odd (6,50l L) lime (LogClay=1/Y4) soy
S35 03l ynosd Cunl dtuslyy dales g 15,5 H1,E VY bas o
saoyd gl cdiw dy50 0 e sl YL B L]y o
Over ) (3,91 ) i dolee (LogSilt=A/¥d) dop3 VA 3l 5yl

2
3 = PLSR+FD
LT gty
-, 1
i3

B
178 os
oA
= R2=0.82

0 T T T
0 0.5 1 15 2

(1) 225 (o8 o)l b o218
Measured Logsilt (%)

PLSR+SD

() o (g ey (o iy 15
Predicted Logsand (%)
o

12 1.4

(1) 225 (o8 ol 1 8
Measured Togsand (%5)
() oy g Sl gy o0 ) 0l ot bt 9 830 (6 831051y Blie abasly —0 JSUS
Figure 5- Measured vs. Predicted LogClay, LogSilt and LogSand (%)
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Introduction: Soil texture is one of the majorphysical properties of soils thatplays important roles inwater
holding capacity, soil fertility, environmental quality and agricultural developments. Measurement of soil texture
elements in large scales is time consuming and costly due to the high volume of sampling and laboratory
analysis. Therefore, assessing and using simple, quick, low-cost and advanced methods such as soil spectroscopy
can be useful. The objectives of this study were to examine two statistical models of Partial Least Squares
Regression (PLSR) and Principal Component Regression (PCR) to estimate soil texture elements using Visible
and Near-Infrared (VNIR) and Short-Wave Infrared (SWIR) reflectance spectroscopy (400-2450nm.(

Materials and Methods: A total of 120 composite soil samples (0-10 cm) were collected from the Kafemoor
basin (55° 15' - 55° 25" E; 28° 51' - 29° 11' N), Sirjan, Iran. The samples were air dried and passed through a 2
mm sieve and soil texture components were determined by the hydrometer method (Miller and Keeny 1992).
Reflectance spectra of all samples were measured using an ASD field-portable spectrometer in the laboratory.
Soil samples were divided into two random groups (80% and 20%) for calibration and validation of models.
PLSR and PCR models and different pre-processing methods i.e.First (FD) and Second Derivatives (SD),
Multiplicative Scatter Correction (MSC) and Standard Normal Variate (SNV) were applied and compared to
estimate texture elements. The cross-validation method was used to evaluate calibration and validation sets in the
first part (80%) and coefficient of determination (R2), Root Mean Square Error (RMSE) and Residual Prediction
Deviation (RPD) were also calculated. For testing predictive models, the second part of data (20%) was used and
R2 and RMSE of predictive accuracy were calculated.

Results and Discussion: The results of applying two statistical models for estimatingLogClay (%) showed
that R2of calibration (R2CV) and validation (R2VAL) datasetranged from 0.22 to 0.72 and 0.12 to 0.54,
respectively. The lowest RMSE was computed for PLSR model with SD pre-processing. The highest RPD of
calibration (RPDCV) and validation (RPDVAL) were obtained for PLSR with SD pre-processing technique
which was classified as a very good and good model, respectively. The results indicated possible prediction of
soil clay content by using PCR model with SD pre-processing techniques. In addition, the PCR predicted soil
texture elements poorly according to RPD values while the PLSR model with SD pre-processing was the best
model for predict-ing soil clay content. The R2ZCV and R2VAL of PLSR models for LogSilt (%) varied from
0.34 t0 0.73 and 0.27 to 0.58, respectively. The RMSECYV varied from 0.14 for FD pre-processing to 0.23 for no-
preprocessing and the RMSEVAL rangedbetween 0.18 and0.24. The highest RPDCV (2.07) and RPDVAL
(1.59) were obtained for PLSR with FD pre-processing which were classified as very good and good models,
respectively. The results of PCR model developments for estimating LogSilt (%) indicated that the highest
RPDCV and RPDVAL were, respectively, 1.31 and 1.25 for MSC pre-processing techniques which were rated
as poor models. On the contrary to PLSR models, PCR models were not reliable for predicting LogSilt
(%).Theresultsof PLSR models for estimatingLogSand (%) revealedthat the highest R2ZCV and R2VAL were
0.56 and 0.47, respectively and the lowest RMSECV and RMSEVAL were 0.14 and 0.16, respectively which
were obtained for SD pre-processing. The RPDCV and RPDVAL values for SD pre-processing in PLSR model
were 1.59 and 1.39 which were rated as good and poor performance of predictions, respectively. The highest
RPDCV and RPDVALfor PCR models were obtained with the MSC pre-processing indicating poor model.
Therefore, PLSR model with SD pre-processing techniques was superior model for estimation of
LogSand(%).Overall, PLSR model with SD pre-processing techniques performed better in estimatingclay and
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sand and PLSR model with FD pre-processing gave better estimate of silt content.

Conclusions: Our finding indicated thatclay and silt contentcan be estimated by using electromagnetic
spectrum between VNIR-SWIR region. Further, spectroscopy could be considered as a simple, fast and low cost
method in predicting soil texture and PLSR model with SD and FD pre-processing seems to be more robust
algorithm to estimateLogClay and LogSilt, respectively.

Keywords: Partial Least Squares Regression (PLSR), Principal Component Regression (PCR), Spectroscopy






