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Rapid and cost-effective analysis of soil solid As phases would be an invaluable tool in studying polluted soils and
predicting soil As mobility. Analysis of soil solid As phases has commonly used sequential extraction; however,
the approach is time consuming, destructive, and costly. Several studies have established the viability of using
visible near infrared diffuse reflectance spectroscopy (VisNIR DRS) for elemental data analysis of soil, sediment,
and othermatrices. This pilot study usedVisNIRDRS spectral data for rapidly predicting total As and five different
solid As phases (Mg, PO4, Ox, HCl and org pools). A total of 200 surface soil (0–15 cm) samples were collected
from arable lands surrounding a polluted landfill site and scanned via VisNIR DRS. The raw reflectance spectra
were preprocessed using three spectral transformations for predicting soil total As and five extracted pools
using partial least squares regression (PLSR). Quantitatively, better accuracy was produced by PO4 (Validation
R2 = 0.72, RPIQ = 3.39) and org (Validation R2 = 0.93, RPIQ = 4.81) pools along with total As (Validation
R2 = 0.88, RPIQ= 3.54) using the first derivative of original reflectance values. Both qualitative spectral analysis
and PLSR coefficients indicated that prediction of soil As and its phaseswere dependent on their close association
with spectrally active soil organic matter, clay minerals and Fe/Al-oxides.

© 2017 Elsevier B.V. All rights reserved.
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1. Introduction

Arsenic (As) is a carcinogenic metalloid and large oral doses
(N10 μg/L) of inorganic As can have lethal consequences (ATSDR,
2005). While anthropogenic activities and rapid industrial growth are
mainly responsible for As contamination in the environment, the intake
of As byhumanshappens via contaminatedwater, food and soil. Though
groundwater As contamination has already gathered worldwide atten-
tion, soil As contamination cannot be discounted due to its substantial
health effects (Hemond and Solo-Gabriele, 2004). Soil As contamination
threatens the health of tens of millions of people worldwide, especially
in Bangladesh and Eastern India (Smedley and Kinniburgh, 2002).

Movement of As from contaminated soils can pollute adjoining
water bodies, while this movement is chiefly governed by different
solid phases (Bangla and Kaiser, 1996). Oxygen rich environments
sNIR DRS, visible near infrared
uares regression; LOI, loss on
rformance to inter-quartile dis-
hogonal signal correction.

akraborty).
greatly influence As adsorption and mineral precipitation mechanisms
via aqueous acidity constants of As when it is present as an oxyanion.
While the oxidized As species, arsenate [As (V)] occurs as charged
H2AsO4

− in neutral aqueous solutions, the highly toxic reduced species,
arsenite [As(III)] occurs predominantly as uncharged H3AsO3 (Cullen
and Reimer, 1989). Bhumbla and Keefer (1994) postulated that the dy-
namic between these two As species is crucial owing to comparatively
greater mobility and high toxicity of As (III). Furthermore, humic frac-
tions from soil organic matter can bind both As (V) and As (III). Apart
from existing with oxides, As (V) can also yield several durable inner-
sphere complexes (Stumm and Morgan, 1996). Thus, predicting soil
As and exploring its connotations with several soil solid phases are im-
perative for predicting soil As mobility.

Over decades, environmental soil scientists collected As contaminat-
ed soil samples in the field and returned them to the laboratory for
multi-step laboratory analyses via atomic absorption or inductively
coupled plasma spectroscopy. Moreover, a wide variety of methods
like sequential extraction, X-ray spectroscopy, and X-ray crystallogra-
phywere employed to explore several solid phases of As. These conven-
tional methods, while accurate and well documented, are laborious,
expensive, and time intensive.
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Visible near infrared diffuse reflectance spectroscopy (VisNIR
DRS) is rapidly evolving as a feasible, fast, and non-invasive meth-
od to simultaneously characterize multiple soil properties from re-
flectance spectra (Brown et al., 2006). The VisNIR DRS approach is
portable, cost-effective, promotes high-throughput, and has the
potential to be operated both in proximal and remote sensing
mode. Typically, an effective chemometric predictive algorithm is
established between a host of soil parameters and spectral reflec-
tance values in the VisNIR range (350–2500 nm). Furthermore,
the DRS technique has been utilized for estimating heavy metals
in agricultural soils (Ren et al., 2009;Wang et al., 2014). Since spec-
trally active chromophores like Fe/Al oxides, clay minerals, organic
matter, and carbonate often absorb or bind metal ions, DRS has al-
ready shown its potential for rapidly predicting As and other heavy
metals (Wu et al., 2005; Reeves and Smith, 2009; Niazi et al., 2015;
Chakraborty et al., 2015). However, to the best of our knowledge,
no effort has been made so far to explore predictions of solid
phases of As in the VisNIR spectra, thus requiring a critical analysis
focused on DRS-based prediction. Therefore, this investigation was
designed to assess the potential of VisNIR DRS for rapidly
predicting soil solid As phases in conjunction with three different
spectral pretreatments and multivariate algorithms. We hypothe-
sized that VisNIR DRS can rapidly predict total As and five different
solid As phases.
Fig. 1.Map of the study indicating sam
2. Materials and methods

2.1. Sample collection

Soil samples examined in this study were collected from the same
Dhapa landfill region, India, as mentioned previously in Chakraborty
et al. (2015, 2017) (Fig. 1). Soils in this landfill are anthropogenic and
highly disturbed. Although no official classification has been established
yet for these soils in India, they exhibit similar characteristics of landfill
soils found in the United States (e.g., Typic Udorthents) or Europe
(e.g., Technosols). Municipal solid wastes of Kolkata and its suburbs
(~229 km2) have been uncontrollably dumped in a huge disposal site
(~26 km2) over the last 35 years at an average rate of 3000 tons day−1.
These anthropogenic activities have resulted in leachate accumulation
and leachate runoff in the adjoining water bodies (SCS engineers,
2010). The vast section of land adjoining the core area (~2000 acres) is
presently used for vegetable farming and provides the city ~147 t of veg-
etables per month. The major crops are cauliflower, ridge gourd and
corn. The climate is humid tropical with an annual mean temperature
of 26.6 °C and mean annual rainfall of 1623 mm.

In this study, we followed the sampling procedure of Keon et al.
(2001) with some minor modifications. A total of 200 geo-referenced
surface soil (0–15 cm) samples were collected from arable lands. A ran-
dom sampling scheme was planned in ArcGIS 9.3 (ESRI Inc., USA) and
pling points in West Bengal, India.
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sampling points were transferred into a portable Garmin etrex GPS re-
ceiver (Garmin Ltd., Schaffhausen, Switzerland) (Fig.1). While sam-
pling, we tried to maintain an oxygen free condition for meaningful
quantification of redox-influenced solid phases. Following collection,
the cores were instantaneously sealed inside N2-purged portable
Aldrich®AtmosBag glovebags (Sigma-Aldrich, USA) and sent to the lab-
oratory. In the laboratory, all sample processing and chemical extraction
steps were executed inside an ultra-high-purity N2 gas purged stainless
steel glovebox. Inside the glovebox, each soil core was cut into several
subsections using a hacksaw for easy homogenization. Each field-
moist subsection was ground to b125 μm prior to chemical analyses
(Ruttenberg, 1992). Separately, about 50 g of aliquot was air-dried
and ground to b200 μm inside the glovebox and used for spectral scan-
ning and routine soil tests. The remaining portion was used for total As
(AsT), and extraction of solid As phases (hereafter referred to as pools).

2.2. Soil chemical analyses and sequential extraction

In this research, all chemicals used were AR grade (Sigma). Soil pH
and EC were determined in a 1:1 soil/water (v/v) ratio (Soil Survey
Staff, 2004) using a Systronics 335 digital pH meter and Systronics 306
conductivity meter (Systronics India Limited, India), respectively. Loss
on ignition contentwas determined using amuffle furnace (Thermo Sci-
entific Barnstead, USA) after 8 h of ashing at 400 °C (Nelson and
Sommers, 1996); a temperature which promotes thorough organic
matter ashing while minimizing dehydroxylation of minerals within
the soil. Subsequently, the LOI was corrected for dehydroxylation of in-
organic constituents through regression analysis fromwhich soil organ-
ic matter (SOM) was estimated.

AsT was determined by digesting ~1 g soil at 180 °C inside a micro-
wave oven (Titan MPS, PerkinElmer, USA) with a mixture containing
10 ml each of HCl (ρ = 1.19 g/ml), HNO3 (ρ = 1.42 g/ml), HClO4

(ρ= 1.68 g/ml) and HF (ρ= 1.49 g/ml), (Song et al., 2012) and subse-
quent quantification via hydride generation-atomic absorption spec-
trometer (PerkinElmer, USA). Subsequently, to characterize the
distribution of As in soil, we followed the previously established se-
quential As extraction protocol proposed by Keon et al. (2001). The pro-
tocol evaluates ionically bound As, strongly adsorbed As and As
coprecipitated with amorphous Fe oxyhydroxides (Table 1). In each ex-
traction step the optimum sediment- to-specific extractant ratio of
1:100 (0.4 g to 40 ml) was maintained to target the specific soil As
phases with negligible dislodge of non-target As phases (see Keon
et al., 2001 for details). Briefly, the fractions were isolated as follows:

2.3. Fraction 1 (hereafter referred to as Mg pool)

A 0.4 g dried soil was mixed with 40-ml 1 M MgCl2 inside a 50 ml
centrifugation tube (Tarsons) (Table 1). The mixture was shaken for
2 h at 25 °C followed by centrifuging for 25 min at 11,000 g. The resul-
tant supernatant was filtered, mixed with concentrated HNO3, and
kept at 4 °C before As estimation. The residual soilwasutilized in the fol-
lowing extraction step.
Table 1
Sequential extraction procedure for As-bearing solid phases. The last phase (Org) was extracte

Step Target phase Extractant

Mg Ionically bound As 1 M MgCl

PO4 Strongly adsorbed As 1 M NaH2

HCl As coprecipitated with carbonates, Mn oxides, and ery amorphous Fe
oxyhydroxides

1 N HCl

Ox As coprecipitated with amorphous Fe oxyhydroxides 0.2 M amm
pH 3,

Org As associated with organic matter and sulphides 30% H2O2,
Acetate
2.4. Fraction 2 (hereafter referred to as PO4 pool)

The residual sediment from fraction 1was taken in a centrifuge tube
andmixedwith 40ml of 1MNaH2PO4, and then shaken for 16 and 24 h
at 25 °C. Subsequently, the soil-reagent mixture was centrifuged, fil-
tered, and acidified like fraction 1.

2.5. Fraction 3 (hereafter referred to as HCl pool)

The residual sediment from fraction 2was taken in a centrifuge tube
and mixed with 40ml of 1 N HCl, and then shaken for 1 h at 25 °C. Sub-
sequently, the soil-reagent slurry was centrifuged, filtered and mixed
with concentrated HNO3 like fraction 1.

2.6. Fraction 4 (hereafter referred to as Ox pool)

The residual sediment from fraction 3was taken in a centrifuge tube
and mixed with 0.2 M NH4-oxalate buffer solution at pH 3. In the dark,
the slurry was shaken for 2 h at 25 °C and then centrifuged, filtered
and mixed with concentrated HNO3 like fraction 1.

Moreover, separately 4 g of subsample was heat digested with 30%
hydrogen peroxide (pH 2.5) and subsequentlymixedwith 1.0 N ammo-
nium acetate (pH 2.5) to evaluate organic matter and sulfide associated
As (Ahmann et al., 1997) (hereafter referred to asOrg pool). All super-
natants resulting from the extraction and organically bound As extrac-
tion procedures were analyzed for As by HG-AAS. Additionally, Fe and
Al were quantified by an inductively coupled plasma-mass spectrome-
ter (model: Agilent 7500, Agilent Technologies, USA). The detection
limit in the soil was 0.05% for Fe2O3 and Al2O3.

2.7. Spectral scanning and spectral preprocessing

Spectral reflectance of air dried and finely ground (b200 μm) soil
samples was measured proximally over the VisNIR region
(350–2500 nm) by a portable PSR-3500® VisNIR spectroradiometer
(Spectral Evolution, USA). The reflectance data were resampled to
10 nm output values. Scanning was done with a contact probe contain-
ing a 5W halogen lamp, minimizing errors due to stray light. Aliquot of
each sample was uniformly tiled in a glass petri dish and scanned four
times, physically repositioning the probe prior to each scan. The mean
of 10 internal scans over 1.5 s produced one individual scan. The
spectroradiometer was standardized after every two samples using a
12.7 cm × 12.7 cm NIST certified white reference. The average spectral
curve was calculated and further used for spectral preprocessing and
subsequent As predictive modeling.

Necessary treatments of raw average reflectance spectra were done
in R 2.11.0 (R Development Core Team, 2014) following the spline
fitting methods outlined in Chakraborty et al. (2014). We used three
spectral preprocessing methods and three chemometric methods to
construct the As predictive models. The preprocessing methods were
Savitzky–Golay first derivative (1D), second derivative (2D), and or-
thogonal signal correction (OSC). The Savitzky–Golay 1D was selected
for its computational simplicity (Luo et al., 2005). Applying 2D has the
d separately (compiled from Ahmann et al., 1997 and Keon et al., 2001).

Possible mechanism

2, pH 8 Anion exchange of Cl for As; possible Mg-As
complex formed

PO4, pH 5 Anion exchange of PO4 for AsO4 and AsO3

Proton dissolution; Fe-Cl complexation

onium oxalate/oxalic acid, Ligand-promoted dissolution

pH 2.5, digestion with 1 N NH4- –
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benefit of sharpening peaks and resolving overlapping bands slightly.
Conversely, OSC retains only valuable information by excluding extra-
neous spectral information (Wold et al., 2001). All spectral preprocess-
ing were executed through Unscrambler®X 10.3 software (CAMO
Software Inc., Woodbridge, NJ).

2.8. Data mining

Necessary chemometric modeling was done using R (R
Development Core Team, 2014). A Jarque-Bera test at 5% significance
level was executed to check if As values were normally distributed.
We followed either log or Box–Cox transformations (Box and Cox,
1964) to convert As pool values those did not follow Gaussian distribu-
tion. In this data set, while the AsT and Ox pools showed normality, the
other four pools (Mg, PO4, HCl and Org) were kept untransformed since
no transformation could make them follow normal distribution. Subse-
quently, partial least squares regression (PLSR) models for AsT and five
isolated pools were built with 1D, 2D, and OSC spectra. In this study,
the whole dataset was randomly split into a ~70% calibration set and a
~30% validation set. We used the plsr function in pls package in R (see
Supplementary material for R codes). The optimal number of compo-
nents in PLSR was chosen based on the leave-one-out cross-validation
(LOOCV) error. Namely, the optimal number of component chosen in
PLSR is the one minimizing the LOOCV error. Calibration samples were
used to establish a prediction model, whereas validation samples were
used to assess the model's predictive ability (Chen et al., 2015). The re-
gression coefficient (R2), root mean squared error (RMSE), residual pre-
diction deviation (RPD), ratio of performance to inter-quartile distance
(RPIQ), and bias were used as objective criteria (Williams, 1987;
Bellon-Maurel et al., 2010). The RPD basedmodel accuracy classification
scheme suggested by Chang et al. (2001) was followed for evaluating
model accuracy.

2.9. Validation with portable X-ray fluorescence spectrometry

For validating VisNIR DRS predicted AsT values, PXRF scanning was
facilitated with a DP-6000 portable X-ray fluorescence spectrometer
(Olympus Innov-X,Waltham,MA, USA) fittedwith anRhX-ray tube op-
erated at 15–40 keV. Prior to scanning, the instrument was calibrated
with a 316 calibration alloy fitted tightly over the aperture. The instru-
ment was checked regularly for accuracy with two NIST certified soil
samples (2710a,Montana I soil; 2711a,Montana II soil). The instrument
was set to scan in Soil Mode. In Soil Mode a set of three sequential scans
(30 s each) produced fluorescent radiation that was quantified by an in-
tegrated ultra-high resolution silicon drift detector (b165 eV). Soil Mode
is capable of detecting the following suite of elements: Sr, Zr, Mo, Ag, Cd,
Sn, Sb, Ti, Ba, Cr,Mn, Fe, Co, Ni, Cu, Zn, Hg, As, Se, Pb, Rb, P, S, Cl, K, Ca, and
V. Each sample was scanned twice with the PXRF physically
repositioned between scans to make direct contact between the instru-
ment aperture and soil samples placed in plastic containers. Results of
the independent scans were averaged with the PXRF instrument's inte-
grated software and exported for further correlation analyses with the
VisNIR DRS predicted AsT values.
Table 2
Summary statistics of isolated As-bearing solid phases.

Pool name Min Max Range 1st Q Median 3rd Q Mean S

mg·Kg−1

AsT 2.42 10.37 7.95 6.05 7.14 8.19 7.11 1
Org 0.75 6.23 5.48 2.09 3.1 3.7 3.03 1
Mg 0.01 0.1 0.09 0.02 0.04 0.06 0.04 0
PO4 0.14 4.1 3.96 1.31 2.14 2.91 2.12 0
HCl 0.03 0.43 0.4 0.08 0.15 0.22 0.16 0
Ox 0.02 3.58 3.56 0.81 1.58 2.12 1.53 0
3. Results and discussion

3.1. Summary statistics of extracted As pools

Summary statistics of the concentrations of extracted As pools in the
Dhapa landfill area are given in Table 2. The mean AsT concentration
(7.11 mg·kg−1) exceeded 5 mg·kg−1 which was reported as the
mean natural soil As concentration worldwide (Heikens, 2006). Mean
concentrations of As-bearing pools were detected in the order
Org N PO4 N Ox N HCl N Mg. While the organic matter associated As
pool (Org) ranged from 0.75 to 6.23 mg·kg−1, the Mg pool exhibited
only slight variation (0.01–0.1 mg·kg−1). The Org pool was almost
two fold more abundant than the Ox pool, with mean concentrations
of 3.03 mg·kg−1 and 1.53 mg·kg−1, respectively. The monosodium
phosphate extractable As [PO4 pool], indicating strongly boundAs, aver-
aged 2.12 mg·kg−1. However, we are also aware that there are several
other soil As pools like As coprecipitated with crystalline Fe
oxyhydroxides, As oxides and As coprecipitated with silicates, As
coprecipitatedwith pyrite and amorphous As2S3, orpiment and remain-
ing recalcitrant As minerals etc. which were not measured in this study
and requires further investigations. Notably, as mentioned earlier the
“Org” As pools was measured separately and thus should not be con-
fused with the residual which was the left over from the previous four
sequential extraction steps (Mg, PO4, HCl and Ox).

The reasonable presence of the Ox pool, indicating the released As
associated with poorly crystalline Fe and Al oxides was consistent
with other published reports (Chao, 1972; Brannon and Patrick, 1985;
Nirel and Morel, 1990). Conversely, MgCl2 extraction (Mg pool),
intended to release As by anion exchange, showed little presence of
ionically bound As (x 0.04 mg·kg−1).Notably, by using HG-AAS instead
of ICP-MS for As quantification we were able to offset the interferences
due toMgCl2 extractant, where the presence of Cl− results in the forma-
tion of Ar-Cl compounds which are hard to isolate from As. Thus in fu-
ture ICP-MS based studies, step 1 could be further modified by using
(NH4)2SO4 instead of MgCl2 (Wenzel et al., 2001). Significant positive
linear correlation was observed between AsT and the five isolated
pools. Notably, AsT was significantly correlated with both the Org pool
(r = 0.95) and Ox pool (r = 0.61), supporting the findings of Bowell
(1994)who reported that fulvic acids and iron oxyhydroxides influence
soil As adsorption.

3.2. Qualitative spectral characterization

Changes in the soil absorption features due to AsT variation are
shown in Fig. 2 with the help of continuum-removed spectra which
helped in contrasting specific absorption features from a common base-
line. Specifically, S1 and S2 represent soils with the lowest
(2.42mg·kg−1) and highest (10.37mg·kg−1) AsT contents, respective-
ly. Average reflectance curves for both soils appeared analogous with
respect to high optical density or absorbance in the visible range
(350–750 nm) and specific absorptions at ~1400 (O\\H in the hydroxyl
or clay minerals like smectite and illite), 1900 (O\\H), and ~2200 nm
(metal–hydroxyl stretching or C\\H bonds in humic fractions) (Post
and Noble, 1993), though certain peaks were shifted to the literature
td. Dev CV Skewness Correlation matrix

AsT Org Mg PO4 HCl Ox

.64 0.23 -0.37 1

.37 0.45 0.44 0.95 1

.02 0.47 0.43 0.75 0.77 1

.99 0.46 -0.12 0.86 0.85 0.68 1

.1 0.61 0.85 0.83 0.89 0.68 0.70 1

.82 0.53 0.12 0.61 0.74 0.58 0.86 0.62 1



Fig. 2. Plots showing average reflectance spectra and continuum-removed spectra of soils with the lowest (S1, 2.42 mg·kg−1) and highest (S2, 10.37 mg·kg−1) total As contents.
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peak pattern. In both plots, S1 and S2 showed concavity characteristic of
the Fe incidence (Vitorello and Galvão, 1996).Wu et al. (2005) reported
that in the visible region Fe2O3 imparts spectral signatures owing to its
capacity to bond with other metal cations and O\\H groups. Thus, per-
haps the presence of Fe-oxides in both soils was responsible for absorp-
tions due to charge transfers near 485 nm, but the higher concentration
in S2 was apparent (Sherman and Waite, 1985). A subtle absorption at
~900 nm in S1 implied the presence of goethite (FeOOH). Besides,
someweak peaks between ~2250 nm and ~2450 nm in S2 gave an indi-
cation of possible carbonates (Ben-Dor and Banin, 1990).

3.3. Model predictions

Howwell VisNIR DRS can predict the full suite of isolated As-pools is
themain focus of this study. The As pools selected aremainly associated
with several organic and inorganic constituents of soil. PLSR models in
combination with three spectral pretreatments were implemented to
predict AsT and five As pools with independent validation, producing a
total of 18 predictive models (Table 3). In general, all models except
those for the Mg and Ox pools produced satisfactory calibrations, with
coefficient of determination values ranging from 0.79 to 0.97. The re-
mainingMg andOx pools yieldedmixed accuracies, producingR2 values
of b0.7. These results were largely maintained in validation mode,
where all models except those for Mg and Ox pools produced
Table 3
Calibration and validation statistics of PLSR models for AsT and five different As pools.

Parameter Spectral preprocessing Calibration R2 Calibration RMSE (mg·kg−1

AsT 1D 0.95 0.35
2D 0.91 0.47
OSC 0.87 0.60

Org 1D 0.97 0.22
2D 0.94 0.33
OSC 0.88 0.48

Mg 1D 0.67 0.01
2D 0.59 0.01
OSC 0.60 0.01

PO4 1D 0.86 0.36
2D 0.83 0.41
OSC 0.82 0.42

HCl 1D 0.88 0.03
2D 0.83 0.04
OSC 0.79 0.04

Ox 1D 0.62 0.50
2D 0.58 0.53
OSC 0.57 0.53

a RPD, Residual prediction deviation.
satisfactory predictions, with validation RPDs and validation RPIQs
ranging from 1.45 to 3.74 and 2.15 to 4.81, respectively (Table 3). In
this study, RPIQ was given more importance than RPD since studies
have established that the former is a better rubric than RPD for judging
model predictability (Bellon-Maurel et al., 2010). Since several studies
have proposed multiple RPD based classification rules which are quite
different from the RPD cut offs used in this study, it is recommended
that the reader should evaluate all the model outcomes presented and
choose if similar standardswould beworthwhile for their requirements.

For validation samples, excellent predictions were obtained for the
Org-1D (RPD= 3.74 and R2 = 0.93) model, following the scheme pro-
posed by Saeys et al. (2005).While prediction for AsT produced satisfac-
tory results (mean RPIQ = 3.19), the Org-pool yielded the best
predictions (mean RPIQ=3.81) among five different As-pools followed
by the PO4 (mean RPIQ = 3.23) and HCl (mean RPIQ = 2.27) pools
(Table 3). Fig. 3 shows laboratory measured vs. PLSR predicted AsT
and five As-pools for validation set where AsT, Org, and PO4 closely ap-
proximated the 1:1 line, suggesting robust models. Prediction of these
five As pools were dependent on how active each pool is known to be
in the VisNIR spectrum, discussed as follows:

Of late, an extensive review of literaturemade by Horta et al. (2015)
advocated that the predictability of non-spectrally active As and other
heavymetals is generally attributed to their adsorption to spectrally ac-
tive SOM, Fe/Al oxides, and clay minerals. Soils contaminated with As
) Validation R2 Validation RMSE (mg·kg−1) RPDa Bias RPIQ

0.88 0.57 2.86 0.01 3.54
0.86 0.59 2.73 0.01 3.37
0.78 0.75 2.15 -0.06 2.66
0.93 0.35 3.74 -0.004 4.81
0.89 0.43 3.11 -0.03 4.00
0.76 0.65 2.05 -0.05 2.64
0.25 0.01 1.16 0.002 1.77
0.34 0.01 1.24 -0.0007 1.89
0.27 0.01 1.18 0.003 1.80
0.72 0.50 1.91 -0.003 3.39
0.71 0.51 1.88 -0.025 3.33
0.64 0.56 1.69 -0.03 2.99
0.58 0.05 1.56 0.01 2.32
0.59 0.05 1.57 0.01 2.34
0.52 0.06 1.45 0.01 2.15
0.46 0.60 1.38 0.01 2.09
0.38 0.65 1.28 -0.02 1.95
0.44 0.62 1.34 0.03 2.04



Fig. 3. Plots showing laboratory-measured vs. diffuse reflectance spectroscopy (DRS) PLSR model-predicted total As and five As pools using first derivative (1D) VisNIR spectra. The solid
line denotes the regression line, while the dashed line represents the 1:1 line.
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were even treated with Fe-oxides like goethite (α-FeOOH) owing to
their ability to adsorb As (Hartley et al., 2004). Notably, As adsorption
by SOM is generally increased by the bridging actions of Fe and Al com-
pounds (Lin et al., 2004). To validate this hypothesis, we analyzed col-
lected samples for chromophores like iron oxides (Fe2O3) and
aluminum oxide (Al2O3) which are presented in secondary minerals.
Soil pH, EC, SOM, Fe2O3 and Al2O3 contents in soil samples ranged
from 4.99–7.32, 0.01–0.44·dS·m−1, 0.07–3.50%, 2.06–16.53% and
6.19–37.07%, respectively. Notably, AsT content exhibited significant lin-
ear correlation with Fe2O3 (r = 0.63), Al2O3 (r = 0.57), and SOM (r =
0.56). Besides, soil pH was negatively correlated with AsT (r = −0.82)
(Chakraborty et al., 2017). These results were consistent with the find-
ings of Bowell (1994) who reported that pH, fulvic acids and iron
oxyhydroxides influence soil As adsorption. Notably, AsT values predict-
ed by PLSR-1Dmodel showed significant positive correlation (r=0.79)
with PXRF sensed AsT values, further validating the effectiveness of the
VisNIR DRS based approach.

Further, we plotted the PLSR-1D regression coefficients for AsT
and five As pools using the ‘coef’ function in R (Fig. 4). Spectral
wavelengths with large positive PLSR coefficients indicated posi-
tive links with the responses (AsT and As pools) while negative co-
efficients implied negative links. The red dots indicated the top 20
wavelengths with the largest PLSR coefficients in terms of absolute
value. In contrast, wavelengths with small PLSR coefficients were
considered trivial. It can be observed that most of the pools had
positive absorption coefficients around ~500–800 nm because of
Fe oxides in soil (mainly hematite and goethite), supporting the
observed concavity characteristic of the Fe occurrence in Fig. 2.
Further, the PLSR models of AsT and five pools have identified the
positive coefficients around ~2210 nm and in between ~2250 nm
and ~2450 nm arising from O\\H bonds in clay minerals and C\\H
bonds in humic fractions, respectively (Ben-Dor et al., 1997;
Nayak and Singh, 2007). Notably, the Org pool exhibited a signifi-
cant positive correlation with SOM (r = 0.60), further justifying
the selection of the humic fraction specific PLSR coefficients. Except
for the Ox pool, AsT and the four remaining pools showed negative
spectral interference at ~1414 nm which was due to O\\H bonds in
the hydroxyl or clay minerals (White, 1971). Despite air-drying,
the Ox pool exhibited a masking effect from water at ~1900 nm
(Clark et al., 1990).

For all fractions, 1D spectra produced the best predictions since it is
one of the filters which can smooth out the reflectance signal without
much destruction of its original properties. Aldabaa et al. (2015) report-
ed that higher spectral pretreatment like 1D can also eliminate the neg-
ative influence of water signals (1900 nm) which was indeed observed
for all fractions except Ox (Fig. 4). Contrariwise, the underperformance
of OSC could be related to its inability to efficiently reduce spectral noise
that has no correlation with soil As pools. Our results supported the
findings of Shamsoddini et al. (2014) where 1D spectra produced
significantly higher As prediction accuracy than 2D and original reflec-
tance spectra. Our results also concurred with those obtained by
Gholizadeh et al. (2015), who reported better soil metal prediction
accuracy while using 1D spectra. Moros et al. (2009) proposed that
calibrations models using un-processed reflectance spectra usually
exhibit higher sensitivity in operating and surrounding environment
than models containing preprocessed spectra. Despite researchers



Fig. 4. Plots showing PLSR-first derivative (1D)model coefficients over the VisNIR wavelength range for total As and five As pools. The red dots indicated the top 20wavelengthswith the
largest PLSR coefficients in terms of absolute value. In contrast,wavelengthswith small PLSR coefficientswere considered trivial. (For interpretation of the references to colour in thisfigure
legend, the reader is referred to the web version of this article.)
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having occasionally reported reasonably good metal predictions with
un-processed reflectance spectra (Kooistra et al., 2001), the use of
preprocessed spectra is still recommended.

3.4. Practical implications

In India, soil As pollution is commonplace. While portable X-ray
fluorescence (PXRF) and VisNIR DRS are increasingly used tech-
niques in Europe, North America, and Australia, they have been ap-
plied much more sparsely to soil pollution monitoring in India.
While decontaminating As-laden sediments, a proper appraisal of
solid phases of As and their mobilization is an important issue.
Though there were still several uncertainties compared with the
conventional methods, in this pilot study we have demonstrated
the potential of VisNIR DRS for simultaneous prediction of easily mo-
bilized and adsorbed As pools which may represent a new and prac-
tical approach for quick and non-invasive soil As characterization.
Moreover, our approach exhibited the feasibility of using VisNIR
DRS for reasonably predicting redox-dependent solid As phases
comprising oxides and sulphides. Notably, since the amount of As
pool measured in an extraction phase is “operationally defined”, fur-
ther characterizations using standards methods are warranted for
accurate pool identification. Despite the fact that X-ray absorption
spectroscopy (XAS) can provide detailed information on the specia-
tion and coordination environment of As in the solid phase, this tech-
nique also exhibits difficulty of data analysis for heterogeneous,
natural samples (Foster et al., 1997). Conversely, although X-ray dif-
fraction (XRD) analysis enables identification of As-bearing solid
phases and is more widely accessible than XAS, the As minerals
must have a high degree of crystallinity and comprise at least a few
weight percent of the sediment. Huerta-Diaz and Morse (1990) pos-
tulated that dense minerals (e.g., many minerals associated with As)
may be separated from sediment matrixes to facilitate XRD analysis,
although there are difficulties with density separations in wetland
and other organic-rich sediments like the samples used in this
study. Further research is recommended to create a laboratory-
grade prediction model by including larger geographical areas
along with multitude soil properties.

4. Conclusions

This present study was a proof of concept demonstration and pre-
sented an easy and convenient VisNIR DRS based protocol for quantify-
ing soil solid As phases in conjunction with three different spectral
pretreatments and PLSR algorithm. Results indicated that all models ex-
cept those for Mg and Ox pools produced satisfactory calibrations, with
coefficients of determination ranging from 0.79 to 0.97, possibly due
their covariation with spectrally active Fe oxides, clay minerals, and
humic fractions of soil. Conversely, no satisfactory agreements were ob-
served for Mg and Ox pools. However, the results are encouraging and
point to the potential of VisNIR DRS for future rapid, in-situ characteri-
zation of As polluted soils. Study of its potential for quickly screening
soil samples for other solid As phases including broader geographic
areas is warranted.
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