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Abstract

Conventional methods of soil iron oxide estimation are laborious and costly. Reflectance spectroscopy provides a good
alternative that may be used to replace conventional methods of soil analysis. Most of the studies are concentrated on near
infrared region of the spectrum. But in developing countries like India affording for wider range spectroscopy is a costly affair.
Hence this study was conducted to establish relationship between topsoil iron oxide and their visible reflectance spectra in
lateritic type of soils. Visible reflectance spectra of the soil samples were measured by a spectroradiometer in the range of 325 to
1100nm with a 1nm increment. Multivariate PLSR method was used to predict iron oxide from reflectance which resulted in
moderate prediction of R? 0.71 and 0.62 for calibration and validation respectively. It can be inferred that visible spectroscopy
can be effectively used for topsoil iron oxide prediction with an acceptable level of accuracy.
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1INTRODUCTION

Iron oxides are important soil pigments which affsoil
nutrient uptake by plants. Conventional methodsirohf
oxide estimation is labour-intensive and costly.mRe&e
sensing and reflectance spectroscopy provides al goo
alternative that may be used to replace convertiona
methods of soil analysis. Space-borne and airbeamsor
data have been used to establish relation betwedédn s
attribute and reflectance. They yielded good cati@h
between reflectance and topsoil iron oxide by ardd to
fields of larger and homogeneous units. Potenfidlamdsat
TM data were explored to predict and map iron oxX[d&],

[16] and [8]). [1] studied the possibility of CASEnsor to
predict iron in sand dunes. [7] also studied iraide, other
mineralogical and chemical composition using AirEor
Visible/InfraRed Imaging Spectrometer (AVIRIS). [2]
showed that it is possible to account for iron gsin
hyperspectral HypMap data Since data obtained from
spaceborne and airborne sensors contain noisedalsdd
spectroscopy have better advantage. Studies hare dlso
carried out to explore the potential of spectrogcdp
predict soil iron oxide. Spectroscopy with specteaige of
VIS — NIR (Visible —Nearinfared) was explored tdasdish
relationship between iron and reflectance ([3],).[2Yid
infrared region were also used for iron oxide prgdn [6].
Since elements and instruments for measuring eidight
have simpler structure and cheaper price, it wiadasier

to build an optimum model for content with visildpectral
reflectance than that with NIR spectral reflectaficq.

Various calibration methods have been used to eelat
spectral reflectance with measured properties derias.
Principal Components Regression (PCR), Partial tLeas

Squares Regression (PLSR), Stepwise Multiple Linear
Regression (SMLR) and Artificial Neural Networksghe
most used multivariate calibration techniques. &laf
these proposed calibration techniques have achieved
universal acceptance because a calibration modeixbrks
well for one application may be unacceptable foother

[3]. PLSR is considered as a robust technique htages
care of colinearity of predictor variables and actus for
both the x and y variable to predict soil propgtfy], [12].
Exclusively visible region has not been explored ifon
oxide prediction to the best of our knowledge. éveloping
countries like India affording for wider range spyescopy

is a costly affair. This poses a challenge to mtddon oxide
from visible spectroscopy

2MATERIALSAND METHODS
2.1Study area

The study area is situated in the coastal zonesrawy a part
of Dakshina Kannada and Udupi Districts, southwegton
of Karnataka state, India. The study area cover&km?
with the location being in longitude between 74306 to
74°51°00”" and latitude between 13°09°00” to 13801
(Fig. 1). Land use of the present study area caeprbf
agricultural land, built up land, roads and vegetatThe
study area mainly falls on either side of the Nadio
Highway-48 and the western part of the study arsses
along the seashore. The geology of the study asea i
characterized by hard laterite in hilly tracts asahdy soil
along the seashore
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2.2 Data

Only paddy fields were the target of interest. Bipaddy
fields were very random and dispersed here anc thsra
small patch of land, adopting grid sampling techeigvas
difficult. Hence stratified random sampling metheds
adopted. A total of 156 samples were collected dbase
availability of harvested paddy field and lack efyetation.
Top 0-20 cm of soil was collected at each locatioming
the first week of March 2012. A mixture of soilkém at 5
spots of radius 10m at a location represented angple.
Soils were air dried and ground to pass through ra@don
sieve. The laboratory analysis was carried out I66
samples to find iron oxide by spectrophotometriinestion
of iron (IS CODE: 15556:2005), in soil.

2.2. Spectral
Spectral data

All soil samples were air dried and sieved throagBmm
sieve in order to remove any effect of particleesibefore
measuring reflectance, and the soil was set intd &ish
and the surface was leveled by ruler. Spectrakbctdhce
(R) was measured for all soil samples by using a
spectroradiometer (ASD FieldSpec HandHeld system,
spectrum is 325-1075nm, and spectral resolutioh isn).
The instrument was mounted on a tripod with 30cstadtice
from soil sample and an external halogen light sewas
used. It was optimized and calibrated with whitierence
panel. 5 readings were taken and then the meatrapeere

got by using ViewSpec pro version.

Analyss and Pre-processing of

2.3 Partial Least Square Regression

PLSR method emerged from studies of the flaws inRML
and in PCR [5]. The PLSR method extracts orthogonal
linear combinations of predictors, known as fagtdrem

the predictor data that explain variance in bothphedictor
variables and the response variables. It determihes
number of factors to include in a fitted model bipei. Fits
the model with the determined number of factors by
calculating parameter estimates of the linear s=ioe.

3 RESULTSAND DISCUSSIONS

Iron oxide content in the study area ranges frod®0.% to
0.24 %. Descriptive statistics is given in Table

Table-1: Descriptive statistics of topsoil iron oxide camte

Min Max Std Dev

Mean

0.001 0.24 0.07 0.06

PLSR considers the whole spectra and reduces tofgiv
components further predicting iron oxide. It acdsufor
both the x (reflectance) and y (iron oxide) varéadhd takes
care of co-linearity [9]. Cross validation was rgad out
during calibration of model. PLSR model used 9 deztto
predict iron oxide from reflectance. Selection omponents
was carried out by computing estimated mean sqeiace

prediction. PLSR model statistics are given in €l The
model with the lowest Root Mean Square Error (RM&E)
chosen as statistically the best for iron oxidedmt&on.
PLSR analysis is carried out in MATLAB® software to
establish relationship between soil iron oxide and
hyperspectral data. A total of 121 samples areidernsd for
analysis after removing outliers out of which, 82 ahosen
for calibration and 34 for validation through rando
selection. An R2 of 0.71 was observed for caliloratjFig.
2) and 0.62 for validation (Fig. 3). RMSE of 0.0dr f
calibration and 0.05 for validation were observiédtan be
inferred that iron oxide can be predicted to a matdelevel
of accuracy. The results obtained from this studg a
compared with the few published results availabl®ss the
globe (Table 3).
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Fig -2: Result of calibration.
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Fig -3: Result of validation.

Table- 2: PLSR model statistics.

No of Calibration Validation
PLSR | R RMSE R’ [ RMSE
factors

9 0.71 | 0.045 0.62 | 0.055

Table- 3: Review of iron oxide prediction.

Range | Std Spectral | Statistical | Result| Author
% Dev |range | methods | (R
0.4-2.3| 0.6 | NIR MLR/PLSR | 0.9 [4]
400-
2500nm.
0.0005-| 0.011| (NIRS)-| PCA 0.64 [3]
0.0646 1300 -
2500
nm.
0.8-9.5 | 2.7 | Mid- PLS-NN 0.83 [6]
infrared.
2500 to
20,000
nm.
0.0-29 | 0.6 | VIS- PLSR 0.78 [2]
NIR
400-
2500nm
0.001- | 0.06 | VIS- PLSR 0.62 Presen
0.24 352- Study
1075

[

From Table 3 it can be seen that spectral range frgible
to mid infrared has been explored to predict irofde.
Varying amount of iron oxide, its standard deviatiand
multivariate models are seen. There is no muclemdiffce
between the accuracy of prediction observed fdbkisand
near-infrared region. Hence VIS spectroscopy camdes
as an alternative to broader range spectroscopgn Bur
results are on par with the published results. ddrmm the
result obtained it can be concluded that it is ifdasto
predict iron oxide using visible spectroscopy. Wiei
spectroscopy offers a cost effective, easy andelfast
technique to iron oxide in developing countrieslikndia
where affording for wide range of spectroscopyifailt.

5 CONCLUSIONS

This study proposes that visible spectroscopy axuplith
PLSR can predict topsoil iron oxide with a modetate!| of
accuracy. Visible spectroscopy offers a cost effecteasy
and faster technique to predict iron oxide in depilg
countries like India where affording for wide rangé
spectroscopy is difficult.
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