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Abstract

Widespread soil contamination threatens living déads and weakens global efforts towards
the Sustainable Development Goals (SDGs). Detasleitl mapping is needed to guide
effective countermeasures and sustainable remedliatperations. Here, we review visible
and infrared reflectance spectroscopy (VIRS) bassdction methods in combination with
machine learning. To date, proximal, airborne apdcsborne carrier devices have been
employed for soil contamination detection, allowlagge areas to be covered at low cost and
with minimal secondary environmental impact. Insthway, soil contaminants can be
monitored remotely, either directly or through etation with soil components (e.g. Fe-
oxides, soil organic matter, clay minerals). Obedrvegetation reflectance spectra has also
been proven an effective indicator for mapping gallution. Calibration models based on
machine learning are used to interpret spectrad dad predict soil contamination levels.
The algorithms used for this include partial lesgtiares regression, neural networks, and
random forest. The processes underlying each eetapproaches are outlined in this review.

Finally, current challenges and future researceations are explored and discussed.

Keywords: Reflectance spectroscopy; Machine learning; 8wipping; heavy metals; Soil

pollution
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1 Introduction

Soils, in many places throughout the world, havenb&ontaminated as a result of
anthropogenic activities or natural processes (etal., 2020b). Soil pollution is exacerbated

by soil erosion (Boardman et al., 2019; Liao et 2019; Patriche, 2019) and acidification
(Abd EFHalim and Omae, 2019; Tao et al., 2019). Soil déggian is thus threatening human

health (Zhang et al., 2020), crop growth (Jia gt2820), and ecological system (Wang et al.,
2020c), which weakens global efforts towards thet&nable Development Goals (SDGS)
(O'Connor et al., 2020). In response, the Unitetddda’ Environment Programme (UNEP)

has called on its members to report on soil pahufUNEA, 2018). China has committed to
conducting a nationwide soil pollution survey evéen years; a 2014 survey reported that

16.1% of the nation’s soils are contaminated, idiclg 19.4% of arable soils (MEE, 2014).

Detailed soil mapping based on survey data is reealénform and guide policymakers so
that they can introduce effective soil protectiorasures (Hou and Ok, 2019), and design
green and sustainable remediation strategies (Wngl., 2020a; Wang et al., 2020b).
Accurate soil mapping, however, poses a huge teahohallenge. This is primarily because
soils can be highly heterogeneous (Hu et al., 2)1With contaminant concentrations
sometimes differing by several orders of magnitudihin only a few meters (Han et al.,
2018). Subsamples collected from a single samgliegtion have rendered heavy metal
concentrations (e.g., Pb) that range over ordersnafnitude (Brewer et al., 2017). In
regional scale investigations, it is often foundtthverage heavy metal concentrations can

vary by 1~2 orders of magnitude between adjacenpbag sites.

In conventional sampling, soil samples are physiaallected from the surveyed land. This
is conducted according to a sampling plan, whictypscal, - but not exclusively - a non-

targeted grid pattern for regional assessments tangeted samples for site-specific
assessments (Hou et al., 2017). Collected soil kmmgre subjected to laboratory-based

analytical chemistry. For heavy metals and metddlo{hereafter collectively termed as
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‘heavy metals’), this usually involves acid digesti pollutant extraction and detection with
an inductively coupled plasma-mass spectrometeP-S) (Zuzolo et al.,, 2018).
Geostatistical methods can then be applied to dexispatial structure, enabling us to predict

contaminant concentrations at un-sampled loca{iGheng et al., 2018; Hou et al., 2017).

This approach, however, relies on the underlyinguaptions of geostatistics (i.e. spatial
autocorrelation), which can be incorrect in veryehegeneous soil environments, especially
where there are a diverse range of pollution seurdéou et al., 2017). Importantly,
geostatistics cannot capture spatial distributiattgogns smaller than the distance between
adjacent sampling locations (Goovaerts, 1999). iRstance, a national-scale soil quality
investigation is currently being conducted acroem& in which the sampling grid pattern is
typically set at either 500 x 500 m or 1 x 1 km (EJE2017). While this investigation is
expected to provide valuable information regardmgls of soil contamination on a basin-
scale (e.g. units of square kilometers), and caelider important data for identifying
potential pollution sources (e.g. via geostatisteoal/or multivariate statistical analysis), it is
not intended to provide accurate predictions ofypan levels on a parcel level (i.e., sub-
hectare resolution) (SC, 2016). For instance, saihples collected within 200m of highways
can contain high heavy metal contents (Pb, Zn aum l&lit such details could be overlooked

on such a large-scale sampling resolution (Marti@aevajal et al., 2019).

Recently, researchers have explored the use ofative tools that make the detection of soll
contaminants easier and faster, thus enabling higislution prediction of contamination
levels (Chakraborty et al., 2015). An emerging rodtlis known as visible and infrared
reflectance spectroscopy (VIRS), which involvegha-field measurement of contaminants
from either a handheld portable device, unmannedlaeshicles (UAVS), or even satellites,
for fast remote sensing of large spatial ar@aable 1) (Gholizadeh and Kopackova, 2019;
Gholizadeh et al., 2018). The visible reflectanpecsrum (VIS, 380-750 nm), near-infrared
spectrum (NIR, 750-1300 nm), short wave inferredcspim (SWIR, 1300-2500 nm), mid-
infrared spectrum (MIR, 0.25 - 2.5 um) and long-wanfrared spectrum (LWI, 8-12 um)
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have all been applied for VIRS based soil moniwr{&hi et al., 2016). The use of this
sensing technique can accelerate soil pollutionpimgpat high resolution with less expense

and time than other soil sampling approaches.

As with most analytical detection techniques, VIRSuires calibration to render accurate
contaminant concentrations (Kemper and Sommer, )208@wever, this method requires
considerable data processing before acceptableamgcean be achieved (Kooistra et al.,
2001). Recently, machine learning algorithms hagenbdeveloped for this purpose (Liu et
al., 2019a; Shan et al., 2018) which enable thesoreaent of heavy metals as well as
organic contaminants (Douglas et al., 2018b; Lialgt2017). Therefore, the overall process

for conducting soil surveys with VIRS detectiomasher complicated, as shownRigure 1.
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Figure 1. VIRS based detection and machine learning process

A number of recently published reviews have desditlifferent aspects of VIRS technology
in detail (e.g. proximal, airborne and spacebopeesum) and its suitability for the detection
of different types of contaminant (Gholizadeh arapkckova, 2019; Gholizadeh et al., 2018;
Shi et al., 2018). However, a detailed overview hwiw machine learning is used in
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combination with VIRS has been lacking till now. odedingly, the following topics are
reviewed: 1) an overview of the mechanisms undeglyiVIRS detection of soall

contamination; 2) machine learning algorithms foteipreting VIRS data; 3) application

attributes.
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Table 1 Soil surveys that have used VIRS

) . Statistical

Country / # of Area . . Lab/field/remote Sensing  Wavelength ) 2
Reference Region locations (k) Land use Contaminant (concentration range (mg/kg)) detection method range (nm) ;nei:ﬁjs R
(Chakraborty et  USA 108 - Oil TPH (0-326294.48) Lab VNIR 350~2500 PSR; RF 0.78
al., 2015) production
(Chakraborty et India 200 8.1 Vegetable As (2.42-10.37) Lab VNIR 350~2500 ENET 0.97
al., 2017) farming
(Chenetal., China 60 - Wheat Cd (0.37-5.6) Lab VNIR 325~1075 PLSR; BPNN 0.82
2015) farming
(Choe et al., Spain 49 -- Gold mining  Pb (56.8-152.5); Cu (2152-8); As (52.4-1493.8) Lab / remote VNIR 350~2%00 MLR 0.88
2009) 450~2500
(Douglas et al., Nigeria 85 - Oil TPH (16.07-252.59) Lab VNIR 350~2500 PLSR; RF 0.68
2018a) production
(Kooistra et al., Netherlands 69 - Flood plaints Cd, Zn Lab VNIR 400~2500 PLSR 0.95
2001)
(Lassalle et al., France - - Oil TPH (0-140000); PAH (0-1600) Lab VNIR 350~2500 LDA -
2018) production
(Liu et al., 2011) China 120~160  -- Rice farming (@wean: 54.78), Cd (mean: 0.35) Field VNIR 350~2500 FNN 0.78
(Al Maliki et al., Australia 31 - Various Pb Lab VNIR 400~2500 PLSR 0.46
2014)
(Okparanma et Nigeria 137 - Qil PAH Lab VNIR 350~2500 PLSR 0.89
al., 2014a) production
(Pascucci et al., Italy -- -- Industrial Red mud Field VNIR 350~2500 -- --
2009) FTIR 8000~14000
(Peng et al., Qatari 300 11,437 Various As (0.4-7.9); Cr (1.9994Ni (2.3-76.1); Zn (2.8- Remote Landsat 8 450~2290 Cubist 0.74
2016) 130.9); Cu (0.6-28.8); Pb (0.5-14.1) images
(Ren et al., 2009) China 33 - Rice farming  As 8B3403.77), Cu (31.83-190.51) Lab VNIR 350~2500 RLS 0.62
(Shi et al., 2014b)China 100 45 Rice farming  As (10.3-133.4) Lab VNIR 350~1200 PLSR 0.59

Field VNIR 350~2500 PLSR 0.50
(Song et al., China 61 - Rice farming Cd (0.081-1.441), Cr (30.4.08.900); Pb (11.120- Lab VNIR 400~2500 PLSR 0.99
2012) 89.680), Cu (9.900-55.500); Hg (0.040-0.269); As
(4.000-16.600)

(Sun and Zhang, China 74 - Farming Zn (60.44-4946.60) Lab VNIR 38600 PLSR 0.64
2017)
(Tayebi et al., Iran 120 295 Iron mining  Fe (4436.25-271375) Lab IRN 400~2450 PLSR, PCR 0.29~
2017) 0.54
(Todorova et al., Southern 62 5151 Farming Zn (85d.46); Cu (1.68-263.56); Pb (5.60- Lab NIR 70025 PLSR 0.38~
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Statistical

Country / # of Area . . Lab/field/remote Sensing  Wavelength ) 2
Reference Region locations (k) Land use Contaminant (concentration range (mg/kg)) detection method range (nm) ;nei:ﬁjs R
2014) Bulgaria 82.49); Cr(3.90-150.82); Ni (1.09-118.62) 0.89
(Wang et al., China 100 - Farming As (1.91-21.90); Pb (9.01-8)..&n (29.32- Lab VNIR 350~2500 PLSR 0.49~
2014) 117.49); Cu (8.30-26.38) 0.69
(Webster et al., ltaly, Australia, 194 -- Various TPH (0-60000) Lab IR 6000~650"cm PLSR 0.99
2016) Nigeria
(Wu et al., 2005) China 120 - - Hg (0.04-1.26) bLa VNIR 380~2500 PCR 0.69
(Zhao et al., China 75 179700 Various Hg (0.018-0.615) Lab VNIR 4032511 MLR, BPNN 0.92
2018)
(Stazi et al., Italy 135 108 Farming As (25-1045) Lab VNIR 500-800 PLSR, SVM r:0.82
2014)
(Pelta et al., Israel -- - -- Qil Field VNIR 400 - 2500 LDA Recall:
2019) 0.93

Acronyms: Statistical analysis: BPNN= back propamaheural network; ENET=elastic net regressionNENizzy neural network; MLR=multiple linear regress PCR=principal component regression;
PLSR=partial least squares regression; PSR=pedad&e regression; RF=random forest regressiviV-Support vector machine; LDA= linear discriminamtalysis; Sensing: VNIR= visible near-infrared

reflectance; Contaminants: As=arsenic; Cd=cadmiboxcopper; Cr=chromium; Hg=mercury; Ni=nickel; PAbtlycyclic aromatic hydrocarbon; Pb=lead; TPH=t@tatroleum hydrocarbon; Zn=zinc;
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2 Predictors and underlying mechanisms

The use of VIRS relies on the fact that atoms aralecules absorb and emit
electromagnetic radiation because of electron iiansand molecular vibration (Shi
et al., 2018). Identification and quantification aifferent chemicals can be achieved
based on emission and absorption spectra. In soamination monitoring, VIRS
captures reflectance energy from the land surfagh the reflectance spectra

informing us of the soil composition (Shi et aD12a).

Certain organic soil contaminants, such as polycymiomatic hydrocarbons (PAH)
and petroleum hydrocarbons (collectively termedaltgbetroleum hydrocarbons
(TPH)), are often detectable in visible and infcareflectance spectra (Chakraborty
et al., 2010; Douglas et al., 2018b). In the cddeeavy metals, direct monitoring can
only be achieved at concentrations that rarely oatthe field (e.g., 4000 mg/kg in
the case of Cd) (Liu et al.,, 2017; Wu et al., 208 et al., 2007). Fortunately,
interactions between trace levels of heavy metadsraore abundant soil components
(e.g. clay, organic matter and Fe oxides) providesopportunity to detect them
indirectly (Wu et al., 2005; Zhao et al., 2018).oMmer way of detecting trace levels
of metals is to monitor vegetation spectra becafisiee influence contaminants exert
on plant physiology (Shi et al.,, 2016). Specific am&nisms for predicting soil

pollutants are introduced in this section.
2.1 Molecular vibration

In the case of organic compounds, stretching atwlatrons of aliphatic (alkyl)
compounds and certain functional groups can ofterolserved in NIR and MIR
spectra (Douglas et al., 2018a; Forrester et QL3R The first overtone of TPH is
observed in the wavelength range of 1600-1820 moh tlae second at 1100-1500 nm.

Observation of the second overtone is more diffichlTPH concentrations are
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relatively low (Hauser et al., 2013). In the casé’8Hs, the first overtone of C-H
stretching and deformation of C-H combination, ahd second overtone of C-H
stretching in aromatic C-H are observed at wavélengf 1675 nm, 1417 nm and
1097 nm, respectively (Okparanma et al., 2013)MIR region, the peaks around
1630-1580 cr, 1930-1840 ci and 2060-1930 cthare associated with aromatic

functions (Hobley et al., 2014; Ng et al., 2017).

The concentration of TPH in soil samples colledtech oil-contaminated sites can be
determined by Vis-NIR spectrophotometry, with alpsion peaks around 1712 nm,
1758nm and 2207 nm (Douglas et al., 2018a). Th@rdmland 1758 nm peaks are in
the first overtone region, which are attributedtte stretching of terminal GHand
saturated CH in alkyl (Workman and Workman, 2007); the 2207 mmak is
associated with either amide (C=0) or the stretath lbending caused by crude oil
(Rossel and Behrens, 2010). Okparanma et al. (20d#hpnstrated that PAHSs in soll
are detectable at a wavelength of 1670 nm, whichattzibuted to aromatic C-H. The
calibration R value for their PAH prediction model was 0.89, ahe PRD reached
3.12.

Observed spectra for organic contaminants may awewith soil organic matter
(SOM), but the presence of SOM would not normaifjuence TPH detection (Ng et
al., 2017). This is because TPH consists of medemgth chains, whereas SOM
mainly composes of long —GHhains, and relatively low amounts of —Cforrester
et al., 2013). For example, it has been foundsha&ing TPH contaminated soils with
SOM has little effect on observed NIR absorptioacsm@, but it may affect the MIR
region (especially 1980, 1870, and 1790 tpeaks) (Ng et al., 2017). Forrester et al.,
(2013) noted several characteristic absorption pei@k the spectrum of TPH
contaminated soil with the presence of SOM, whi@renattributed to the vibrational
overtone of terminal methyl in the MIR region. Theesence of such peaks can
fortuitously aid TPH detection.
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2.2 Soil properties

2.2.1  Soil organic matter

Soil organic matter (SOM) derives from the breakda¥ plant and animal debris.
Many studies have shown that the combination ofeawdhr vibration and overtones
in SOM, including O-H, C-H, C=0 groups, can be iifead in Vis-NIR spectra

(Kooistra et al., 2001). Because humic and fuldidsiin SOM bind with heavy metal
cations, through COOH, OH, and C=0 interactiontdflo & Stevenson, 1982),
correlation between SOM and heavy metals levelsesen observed (Egli et al.,

1999).

Several studies have exploited SOM spectral barwspredict heavy metal
concentrations in soil. For example, at an agncaltsite contaminated by polluted
irrigation water, it was found that Cd levels weresitively correlated with SOM.
Measurement of 410, 581-626, and 670-690 nm wagtdlenwere found to be
effective for predicting Cd levels (Chen et al.180) Chakraborty et al. (2017) used
VIS-NIR spectroscopy to determine As concentratioasg the absorption feature
associated with O-H and C-H bonds in SOM at a wength of around 1290-1310

nm.

2.2.2 Fe-oxides

Iron oxides and hydroxides are widely found in #eth's surface, especially iron
oxyhydroxide (goethite), which forms from weatherash-rich minerals (Shi et al.,

2014a; Wu et al., 2007). Because Fe-oxides areactaized by high surface charge,
large surface area and strong adsorption capdbgy, play a crucial role in the fate
and transport of heavy metals in the subsurfacair{an, 1982). For this reason,
concentrations of soil heavy metals often corretatéhose of Fe-oxides (Wu et al.,

2007). VIRS detection is possible because vari@ak® including 565, 435, 500 nm
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and bands between 650 and 760 nm, have been dsdowigh Fe-oxides, with

significant correlations identified with soil heametals (Xia et al., 2007).

Kemper and Sommer (2002) found that As closelyatated with the reflectance of
Fe oxide related bands at ~550 nm wavelength. Wal.egt2011) reported that Ni
concentrations can exhibit a negative correlatiatih won oxides, especially in the
480-580 nm wavelength region. Chakraborty et al0l1{@@ reported that As
concentrations had a strong correlation with Felexi meaning that high levels of

regression fitness with diffuse reflectance datald¢be achieved.
2.2.3 Clay Minerals

Hydroxyl absorption associated with molecular waten be detected at 1400 nm,
1900 nm and 2200 nm, which is associated with olaerals (Ibrahim et al., 2008;

Kemper and Sommer, 2002; Zhao et al., 2018). Batd$38 nm wavelength

correspond with the Si-O and Si-O-Al bonds in alaiperals (Song et al., 2012). This
is important for soil contamination surveys becatlse cation exchange capacity
(CEC) of clays minerals are often high, meaning beavy metals cations can easily
replace clay mineral cations. Heavy metals tendaid to clays by Van der Waals

forces and hydrogen bonds (Kumpiene et al., 2007).

Concentrations of heavy metals in mine tailings camelate with bands at 1400 nm,
1900 nm and 2200 nm (Kemper and Sommer, 2002). €hak (2009) found that As
levels had a statistically significant (p = 0.0@®yrelation with reflectance at 2200
nm. The calibration Rvalue was 0.56. Song et al. (2012) found that iSplayed the
highest correlation at 538 nm, which was relate®it® bands, with an Rvalue of
0.551 (p < 0.001). A positive correlation betweem ¢bncentration and adsorption at

2210 nm was reported by Wu et al. (2005).
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Figure 2 Key wavelengths for soil contamination predicti@ased on VIRS

2.3 Vegetation

Wavelengths around 540, 690, 730, and 780 nm amselyl associated with

chlorophyll-a/-b contents in plant leaves and pigtr@mposition (Blackburn, 1998).
Leaf anatomical features, including mass per anebstéructure differences (i.e., cell
morphology and parenchyma structure) can presgnifisant correlation with NIR

peaks (Ourcival et al., 2010). By combining VISRNand short wave infrared, the
water content in vegetation can be monitored (Gaal.e2013). Because pigments,
anatomical features, and plant water content reétfgant health (Shi et al., 2016),
vegetation reflectance can be used for assessihgosdamination levels (Huang et
al., 2009). Changes to the physicochemical andogichl properties of soils also
cause an effect on vegetation reflectance (Jiang.e2010; Lassalle et al., 2018;

Rosso et al., 2005).

Shi et al. (2014b) explored the reflectance of rglants to predict soil As
concentrations. It was found that 768, 939, 9532]1land 1145 nm wavelengths

correlated to As levels, while 768, 939 and 953 wavelengths were related to the
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leaf area index and chlorophyll density, and 1188 4145 nm wavelengths were
associated with the cellular structure, which cdmddused for indirect measurement
of As levels. A partial least squares regressidtS@ model was developed with an
R? of 0.77 (Shi et al., 2014b). Two-band and threedbaegetation indices have been
used to predict As levels by leaner and polymezgression models. The three-band

index (Rr16 — Rssg)/(Rss2 — Rseg) is the more effective of these (Shi et al., 2016)

It should be noted that environmental factors wateel to soil contaminant levels (e.g.,
nutrient availability) may affect the health of pla and should be considered when
relying on vegetation reflectance data (Lassalld.eR018). Moreover, the sensitivity

to contaminant exposure is different for differgtant species (Lassalle et al., 2018;

Sanches et al., 2013).
2.4 Factors affecting VIRS detection

Several factors, including contaminant concentretiand other soil components (e.g.
SOM and clay minerals), affect VIRS detection. Bessa the contaminant
concentration determines how much energy is abdoaine emitted, the higher the
soil contamination level the easier it is to intetpreflectance spectrum directly
(Okparanma and Mouazen, 2013; Somsubhra et al4)20u et al. (2007) noted that
when concentrations of Cr and Cu were higher tf@004ng/kg, adsorption could be
discriminated at wavelengths of around 610 and 881 respectively. However,
detection was not possible at concentrations bel@®0 mg/kg. Moreover, when
contaminant concentrations are limited, spectralkpemay shift from their usual

wavelength positions (Somsubhra et al., 2014).

Because most soil heavy metals only exist in teaoeunts, they must be monitored
indirectly. The predictability of trace levels oddvy metals varies depends on their

situ behavior. Kemper and Sommer (2002) found that éthidcbe predicted with a
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high R value (0.940), followed by Hg and As with Ralues of 0.929 and 0.858,
respectively. The Rvalues for Cd, Cu and Zn were much lower (Kemped a
Sommer, 2002). Hou et al. (2019) monitored six jeaetals through hyperspectral
VIRS detection, finding that prediction accuracycidased in the order of

Ni>Zn>Pb>Cu>Cr>Cd.

In general, detectability relates to the affinitf contaminants to different soil
components (Stazi et al., 2014; Xia et al., 20@0ng et al. (2012) found that the
detection of heavy metals in soil was correlateth&r affinity to FeOs, Al,O3; and

SOM. (Wu et al., 2007) reported that goethite deiac(at 500 nm) was positively

correlated with various heavy metals.

All the predictors mentioned above have certainaathges and disadvantages.
Molecular vibration are widely used to predict ariga pollutants, but the key
wavelengths will shift while the pollutant conceation changes (Somsubhra et al.,
2014). Soil-property-related predictors (i.e. Fédexand clay minerals) are mainly
used to predict heavy metals in soil, since heaeyala tend to sorb to them and
significant statistic relationship are identifiecetlveen them (Wu et al., 2007).
However, Douglas et al. (2018a) have observeddbwatlation between the contents
of soil-property-related predictors (e.g. organiattar and clay) and TPH were not
significant, and have obtained similar conclusibherefore, the use of soil-property-
related predictor in predicting soil organic corcation is limited. Vegetation can
potentially indicate the extent of soil pollutiomhich is a crucial indicator especially
when spaceborne spectrometers are employed (8hj 2014b). However, compared
to molecular vibration and soil components, vegetatincorporates more unstable
factors when used to predict soil pollution, sushteir different ability on indicating
pollutants contents (Lassalle et al.,, 2018). FurtBeploration are requisite to
interpreting the relationship between vegetatiorecpm and soil pollution
concentration.
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3 Remote sensing techniques

Proximal, airborne and spaceborne carrier devi@eg tbeen employed for VIRS
based soil contamination detection, allowing laaigeas to be covered at low cost and

with minimal secondary environmental impadtsglre 3).

i Probe AN
10\\'\\\\3\‘)1-“’1 I Nocloud 7 %,

Sun %‘%ﬁ
Lamp ‘ = Spectral sensor

%\ Ground control
N system

Sample

Figure 3 Schematic diagrams of (a) proximal sensing, (thaahe imaging and (c) a
spaceborne spectrometer (Shi et al., 2014a; $thi, &018)

3.1 Proximal sensing techniques

Proximal soil sensing refers to the collection ofl $nformation close to soil (i.e.,
within 2 m) (Rossel et al.,, 2011). Various proximdIRS sensors have been
developed that collect physical, chemical and lgal information in this way, with
the most common detectors listed Trable 2. The spectral resolutions of those
spectrometers are in the range 0.05-10 nm and ®&8io the Vis-NIR and MIR
range, respectively. In general, higher detectiocueacy is achieved with smaller

spectral resolution.

In laboratory-based proximal sensing studies, fseldlis transported to the laboratory
for scanning. Chakraborty et al. (2017) evaluatediévels with a portable Vis-NIR
spectroradiometer, reporting a calibratiochd? 0.97. Webster et al. (2016) measured

MIR spectra to assess TPH levels in soil, reporRAgalues of up to 0.99. However,
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290 outdoor field environments are more complex thasé¢hin the laboratory. Multiple
291 factors affect spectra, including air and soil rais content. Therefore,’Rralues
292 reported in field studies are usually much loweamntlthose obtained in the laboratory
293 (Shi et al.,, 2014b). Nevertheless, Shi et al. (B)ls#as able to predict soil As
294 contamination from vegetation using a portable #®peadiometer. Linear
295 discriminant analysis (LDA) of vegetation spectrashalso been shown to
296 discriminate water-deficient or oil-contaminatedisaon the field (Lassalle et al.,
297 2018).
298 Table2 Commonly used portable proximal spectrophotometers
Spectrophotometer Manufacturer Wavelength Spectral resolution Reference
range

PSR-3500® VisNIR Spectral Evolution, USA 350-2500 nm 3.5t0 10 nm Chdkraborty et
spectroradiometer al., 2017)
Perkin-Elmer Lambda 900 Perkin-Elmer, Germany 400-2500 nm UV-VIR: < 0.06 n (Song et al.,
spectrophotometer NIR: <0.20 nm 2012)
FieldSpec HandHeld Analytical Spectral 325-1075 nm 3.5 nmat 700 nm (Zhang et al.,

Devices, 2016)

Inc., USA
LabSpec® 2500 Analytical Spectral 350-2500 nm 10 nm at NIR (Douglas et al.,

Devices, 2018b)

Inc., USA
FieldSpec® 3 Analytical Spectral 350-2500 nm 3 nm at 700 nm (Wang et al.,

Devices, 10 nm at 1400/2100 nm  2014)

Inc., USA
FieldSpec® 4 Analytical Spectral 350-2500 nm 3nm @ 700 nm (Hou et al.,

Devices, 8 nm at 1400/2100 nm 2019)

Inc., USA
FTIR TENSOR 37 Bruker Optics, Ettlingen, 2500— 4 cmi*between 3996 to  (Ng et al., 2017)

Germany 25,000 nm 599 cm* at
Nicolet 6700 FT-IR spectrometer Thermo ScientifiSA 2500-20000 nm  1.928 ¢th (Song et al.,

2012)

Hand-held 4100 ExoScan FTIR Agilent Technologies, 6000-650 cd 8 cnit (Webster et al.,
spectrometer USA 2016)
299 3.2 Airborneimaging
300 Airborne spectrometry is a promising approach tona& sensing. Various
301 hyperspectral sensors have been equipped to aiemdf unmanned aerial vehicles
302 (UAVSs) (Table 3). For example, airborne imaging was used to ptdlic Zn and As
303 by Choe et al. (2008). The distribution of red ndubt has also been observed by
304 MIVIS based airborne imaging (Pascucci et al., 300%e spatial resolution of
305 airborne imaging is determined by the field-of-viéwWDV) and altitude of the sensor,
306 which can be adjusted in accordance with practieahands. It should be noted that
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307 airborne imaging is affected by factors such asnadisture and vegetation cover,
308 meaning that successful field surveys are currdimiiged (Shi et al., 2014a).

309 Table 3 Hyperspectral imaging sensors for airborne imaging

Hyperspectral Spectralrange  Spectral _ Spectral resolution  Spatial resolution _ Reference

;ifrl]\jg;ra (4;]5%)-2480 biggs (nﬂs) 5m (Choe et al., 2008; Franke et al.,
ASIA 400-2500 481 3.3 1.5 m (altitude: 1.3 (2}-(1)ilol?1)huetter etal., 2011)

AVIRIS 400-2500 224 10 Ezg)m(altitude: 20 (Chabrillat et al., 2002)

Mivis 4012100 102 0540 i (Porseri o 1. 2012

310 3.3 Spaceborne spectrometers

311 Spaceborne spectrometry is an efficient, economéral increasingly accessible
312 approach to soil mapping (Guan et al., 2019). Eabtbervation satellites with high
313 resolution sensors and high numbers of spectraldbave been launched, including
314 the European Space Agency’s (ESA’s) Sentinel si&glINASA’s Landsat program,
315 and China’s HJ-1 (Gholizadeh et al., 2018; Roylgt2®14). NASA’s Landsat-8 is
316 equipped with an operational land imager and thernieared sensor, covering the
317 11 wavelength bands (4 visible, 1 near-infraredh@rtwave infrared, 1 panchromatic,
318 1 cirrus and 2 thermal infrared) (Roy et al., 20 E3A’s Sentinel-2 satellite has 13
319 bands, covering 443 to 2190 nm wavelength (BERGER.¢ 2012). The HJ-1
320 satellite is equipped with a hyperspectral sensdr @15 spectral bands in the range
321 of 450-950 nm (Liu et al., 2015).

322 Peng et al. (2016) and Guan et al. (2019) usedpeetral bands of the Landsat-8
323 satellite, involving brightness and normalized @liéince vegetation index (NDVI))
324 with land features (e.g. elevation and slope), rediet the concentrations of As, Cr,
325 Ni, Pb and Zn. Liu et al. (2019b) used spectrahdedm the HJ-1 satellite to predict
326 soil concentrations of Cd through multiple nonlineagression, achieving arf Rf
327 0.81.
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Advanced hyperspectral satellites that will provitigher accuracy are due to be
launched in the coming years, including the Hysd&tEllite with 214 spectral bands,
the CCRSS satellite with 328 spectral bands andBhBIAP satellite with 242
spectral bands (Gholizadeh et al., 2018).

4 Spectral data analysis by machine learning
4.1 Regression

Regression algorithms are often used to intergpettsal data (Chakraborty et al.,
2017). For example, univariable regression is usedredict independent variables
from a single dependent variable. Shi et al. (2Qig8d this approach to predict soil
As levels (R = 0.56). However, as multiple dependent varialdes usually be
extracted from spectral data, multiple linear regien (MLR) is more commonly
used. Compared to other advanced multivariate ighgos, MLR is easier to perform
and interpret. However, MLR prediction accuracyeduced when predictor variables
involve non-linear relationships. Kemper and Somr#902) employed MLR to
predict the concentration of heavy metals from spedata (R = 0.234-0.957). Ng et
al. (2017) used this approach to predict soil TB¥¢ls (R = 0.71).

The most used techniques for interpreting speatedh are principle component
regression (PCR) and partial least squares regreg§iLSR). PCR is a two-step
technique in which predictor variables are transka into principal components by
principal component analysis (PCA), which are thmutted as predictors into MLR
(Wu et al., 2005). The first step allows multi-lareproblems to be solved. As an
enhancement to PCR, PLSR has a similar structuralba takes response variables
into account in the PCA step. Therefore, PLSR mby bandles multi-linear data but
also allows for the number of variables to excetdd of the samples (Shi et al.,

2014b; Wang et al., 2014). Douglas et al. (2018ig) Webster et al. (2016) used
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PLSR to predict soil TPH levels with Vis-NIR and Rispectral data, reporting’R

values of 0.63 and 0.99, respectively.

Other regression approaches include elastic ne¢ssipn (ENR) and penalized spline
regression (PSR). ENR overcomes the problem offittueg, whereas PSR is able to
solve problems of high-dimensional data analysisthBENR and PSR have been
utilized to predict soil As levels with reported ®Ralues of 0.97 and 0.89, respectively

(Chakraborty et al., 2017).
4.2 Neural network

The neural network is composed of artificial newavhich form layers that further
link into connections, thus mimicking the humanibré_aberge et al., 2000). This
non-linear method has attracted extensive interestultiple fields (Abedinia et al.,

2018; Park et al., 2011). In soil surveys, backppgation neural network (BPNN)
has obtained attention for its ability to interpsgtectral data more effectively than

partial least squares regression (PLSR) (Chen,e2@15; Zhao et al., 2018).

Algorithm optimization of BPNN has been exploredingorove predictive accuracy.
For example, Zhao et al. (2018) used BPNN withrzegie algorithm (GA) to predict
soil Hg levels. A combination of particle swarm iopzation and BPNN (PSO-BPNN)
mitigates slow convergence and avoids trappingaall minima. (Liu et al., 2019b)
used PSO-BPNN to predict concentrations of Hg, 6d As with higher accuracy
than primary BPNN. Tian et al. (2019) optimized B¥MNith the combination of GA
and the ant colony algorithm to predict heavy meteicentration, with a reported R

value for Cr detection (0.87) higher than for pignBPNN (0.55).
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4.3 Random forest

Random forest (RF) evolved from the decision tigergthm, a classical and intuitive
algorithm that exploits top-down and binary splits handle regression and
classification problems (Ellis et al., 2014). Besauhis can lead to high variance and
overfilling, bagging (bootstrapping aggregation)s Haeen included. A variety of
decision trees are “trained” on extracted subsasrguhel the average value of splitting
points. However, trees generated by bagging maselede with each other because
they are trained with similar samples. RF was dgped to de-correlate trees, which
selects a subsample of a feature set for each ¢ompelling trees to consider all
features (Svetnik et al., 2003). It has been irgnggy used in environmental
applications and achieved superior results in cos@a with other predictive

techniques (Zhu et al., 2020a; Zhu et al., 2020Db).

Douglas et al. (2018a) used RF to predict the aunaton of TPH in soil using Vis-
NIR data. The reported’®Ralue and PRD were 0.68 and 1.85, which was hitjteer
that for PLSR (0.54 and 1.51, respectively). Wealet(2019)used RF to determine
soil As concentrations @R= 0.95). Chakraborty et al. (2017) reported thase t

performance of RF in predicting As levels was highan PSR.
4.4 Other algorithms

Support vector machine (SVM) and linear discrimgnanalysis (LDA) algorithms
have also been explored in several studies (Lassalél., 2018; Shan et al., 2018).
SVM is an effective and classical classificatiogaaithm, which can also be used for
regression. The LDA method is like linear regresdiat involves data classification.
Stazi et al. (2014) used SVM to predict the coneiains of As in agricultural soil
with 18 variables (R= 0.82 and PRD = 2.03). Wei et al. (2019) repoAsdlietection

with an R value of 0.91 using 5 feature variables.
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5 Data acquisition
5.1 Soil data collection

Because VIRS requires a calibration model, bothcgmitaminant concentrations (e.g.,
traditional physical sampling) and corresponding RSl spectra data are

simultaneously collected to build a calibration rlbdince soil properties can vary
significantly, soil samples may be needed to buildjue calibration models for each
location studied. In some studies, soil samplesHh@een prepared in the laboratory
with spiked soil samples (Pelta and Ben-Dor, 20T8@gre are no existing studies to
indicate the effect of soil sampling depth, howeveshould be noted that airborne
and spaceborne spectrometers will only observeasairfsoils. Therefore, soil

sampling depth is usually limited to less than 20(€hakraborty et al., 2010; Hou et
al., 2019).

5.2 Spectral measurement

Proximal sensing in the laboratory requires soihpgles to be processed. Firstly,
debris, organisms and large gravel are removeddsieving (typically 2 mm mesh)
(Antonucci et al., 2012; Song et al., 2012). Sotndiss involved grinding soil to 38-
840 um particle size (Liu et al., 2019b). The soil ienhdried for 1-14 days, either at
room temperature or at a constant oven temperéitere 40(1) (Liu et al., 2019b;
Song et al., 2012). Some studies applied highepeeatures to speed up drying (e.qg.
65 [1 or 105(1), but it should be noted that this could removg aolatile content

from the soil (Douglas et al., 2018b; Stazi et2014).

Operational parameters used when scanning soillsanmthe laboratory are detailed
in Table 4. In this process, the sample is placed on smoofasi(e.g., a glass slide
or petri dish) to diffuse reflection and gain a daignal-to-noise ratio (Okparanma et

al., 2013). Samples can be smoothed by saturatitig distilled water to make a
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slurry before drying (usually at 40 °C) (Wu et &Q05)or simply smoothed over
manually (Liu et al., 2019b). Measurements are ootedl in a darkroom with a light
source. In the case of Vis-NIR spectral measuresnghe light source could be a
tungsten filament lamp or a tungsten halogen lantip avwavelength of 320-2500 nm
(Sridhar et al., 2011). The light source is normgllaced 30-70 cm above the soil
(Shen et al., 2019) and the detector a distand®-df20 cm (Pelta and Ben-Dor, 2019;
Wei et al., 2019). Keeping the light source anckdietr in specific distances from soil
ensures that the light can evenly irradiate thdéaser of the measured object, and
maintains the sample in the FOV of the detectori (&hal., 2014a). Before
measurement, background adsorption is carried aht avwhite reference material,
such as Spectralon, polytetrafluoroethylene (PT&iEH}aSQ (Kooistra et al., 2001).
Additionally, each sample should be measured 3r8< to reduce error (Douglas et

al., 2018a).

Table 4 Operational parameters used in the laboratory

Soil particle  Lamp lamp to Detector  Parallel Spectral calibration Reference
size power soil to soil test
(um) (W) (cm) (cm)
840 500 -- - 5 white Spectralon (Liu et al., 2619
- 500 40 15 10 white Spectralon panel (Wang et al.
2014)
150 1000 50 15 - - (Hou et al., 2019)
<2000 50 - - 10 - (Zhao et al., 2018)
-- 50 60 -- 5 white BaS{panel (Todorova et al.,
2014)
2000 - 30 -- 10 white BaS@anel (Ren et al., 2009)
-- 5 - - 4 NIST certified white reference (Chatoaty et
al., 2017)
149 50 40 - 10 - (Chen et al., 2015)

There are two main approaches for spectral measmtern the field: portable
spectral devices and airborne devices (see Se8jioSolar light intensity plays an
important role in the quality of spectral data le ffield. Because clouds reflect and
absorb light at certain wavelengths, cloud coveukhbe minimal. Most studies are
conducted with zero cloud cover and good visibi{éyg., 60 km) (Go6tze et al., 2016).
Rainfall and high humidity (which condenses intotavafiims) should be avoided

(Soriano-Disla et al., 2014).

Page 23



446

447
448
449
450
451
452
453
454
455

456

457

458
459
460
461

462
463
464
465
466
467

468
469

5.3 Soil spectral libraries

To expand the use of VIRS in soil monitoring, imional efforts are being made to
establish spectral libraries. The first was essaleld by the US National Soil Survey
Center in 2006, which contains 3768 samples froemWl$ and 416 samples from
countries in Africa (125), Europe (112), Asia (1@4#d the Americas (75) (Brown et
al., 2006). Other institutions have published datduding 21,500 spectra collected
from 4000 soil profiles in Australia, and the spacbf 20,000 samples collected
across Europe (Antoine et al., 2013; Rossel andst€eb2012). In recent years,
Viscarra et al., (2016) compiled the Vis-NIR spaatf 23,631 soil samples collected

from 35 institutions around the world (Rossel et2016).
6 Statistical analysis methods and modeling strategies
6.1 Data pre-processing

Data pre-processing is used to render data vafiadni@del building. Kooistra et al.
(2001) reported that prediction accuracy and mqdality was vastly improved after
pre-processing was carried out. Pre-processingdlysoaolves outlier removal, noise

minimization and curve smoothing (Stazi et al.,£201

Data outliers may originate from the sample itgglffrom experimental operations.
Removal of outliners is one of the keys to establg stable and effective predictive
models. Outliers ought to be identified using ateysmtic method, such as principal
component analysis (PCA) (Shi et al., 2014b), vatltliers identified by a score
matrix. Chakraborty et al. (2017) used PCA to p@epss spectral data, identifying

10 outliers.

A normal distribution is a prerequisite for somatistical methods, such as Pearson

correlation analysis. A normality test can be usedheck data normality (e.g., a
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470 Shapiro—Wilk test and Kolmogorov-Smirnov test shayva p of > 0.05). If the data is
471 non-normal, transformations such as Box-Cox tramsétion and logarithmic

472 transformation can be applied (Chakraborty e8l15; Chakraborty et al., 2010).

473 Noise in collected spectra will often relate to theghness of the surveyed land or
474 the observation angle (Zhao et al., 2018). Bandsvsig large amounts of noise can
475 be removed (e.g., the initial and tail bands) (Haual., 2019; Pelta et al., 2019).
476 Additionally, mathematical transformation methods de adopted to reduce noise

477 levels Tableb).

478 Table5 Spectral transformation methods

Name Objective

Mean centering Eliminate the absolute absorptidnevef the spectrum, increase the difference beivlee sample spectra, and
improve the robustness and prediction ability &f thodel

Orthogonal signal correction Filter out signalattare not related to the concentration of theetapgllutant in the spectrum

Standard Normal Variate (SNV) Eliminate spectrabes caused by solid particle size and surfacéesoag

Multiplicative Scatter Correction ~ Same as SNV

Savitzky-Golay smoothing filter Smooth the spdattave to reduce noise

Derivative (first derivation and  Correct the spectral baseline, eliminate interfeeeinom other backgrounds, and improve spectraluésn.
second derivation)

479 The relative effectiveness of data pre-processaglieen analyzed in several studies.
480 Liu et al. (2017) reported that reflectance datecessed by logarithm and continuous
481 removal increased the level of correlation with \heanetals. Chen et al. (2015)
482 compared six pre-processing methods, finding thiziogonal signal correction most
483 effectively reduced noise and improved predictiastuaacy. However, reported
484 optimal preprocessing methods have varied amondiestuowing to the specific
485 features of the spectral data (Chen et al., 20H®id€ra et al., 2001). In practice, the
486 use of multiple data preprocessing methods mayeleeled to determine the optimal

487 approach.
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488 6.2 Variable construction

489 Variables can be classified as two types: 1) rapreprocessed spectral feature bands;
490 2) combined spectral data. The first type providiesmost representative information

491 and higher model quality.

492 There are two methods for selecting feature bahg$inear regression; or 2) PCA.
493 For linear regression, reflectance correlation fiwehts are calculated, with the
494 bands of highest value used as feature variables. Magnitude of correlation
495 coefficients can depend on the pre-processing rdedipplied (Liu et al., 2017). In

496 PCA, uncorrelated principal variables are extraagglaining the highest variance.
497 Calibration models such as PCR and PSLR are catsttubased on principal
498 components. Other prediction methods also use ipehcomponents as prediction
499 variables (e.g. RF) (Douglas et al., 2018a). Thmber of feature bands used for
500 modeling can range from one to hundreds (Liu et24119b). Calibration Rvalues

501 will tend to increase as the number of featurealde increases, but overfitting may
502 occur at higher numbers. As a rule of thumb, theéntgd number of variables is

503 around one third of the number of samples.

504 Combined spectral data can also serve as varidbbeghis, correlation analysis can
505 be used to select the most effective combinatian. dt al. (2019a) selected two
506 combinations of spectral data to predict Cd, Hg Aadevels in soil. Some commonly
507 used spectral indexes for vegetation, such as ¢hmalized difference vegetation
508 index (NDVI) and the infrared percentage vegetatinodex (IPVI), have been
509 identified as efficient predictors when using vedgen reflectance data (Shi et al.,
510 2014a). For example, Shi et al. (2016) employedediht vegetation indices to
511 predict As levels (R= 0.75).
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6.3 Model selection

Various models for interpreting spectral data weteduced in Section 4. The model
function should be considered firstly in model setm. If the underlying relationship
is non-linear, algorithms such as PSR, neural ng¢wRF should be used. PLSR and
stepwise regression could help to diminish the okollinearity (Chen et al., 2015;
Somsubhra et al., 2014). Model parameters shouldobsidered carefully to avoid
overfitting. For instance, in the neural networlgalthm, the number of neurons in
each hidden layer, the number of hidden lays ared gblection of propagation
functions can influence model accuracy. Overfittcan occur if the model is too
complex. Models with different combinations of paeters should be built, tested
and compared. Additionally, models can be optimizgt other advanced algorithms,
including the genetic, particle swarm optimizatideast absolute shrinkage and
selection operator algorithms (Liu et al., 2019agny et al., 2014). Such algorithms

help improve solution searching and avoid the pbbf overfitting.

6.4 Model validation

Model validation is required to determine predioteError and evaluate model quality.
After initial data pre-processing, it is usefulsylit the data into two separate sets: one
set for model training and another for validati@kparanma et al., 2014b). Usually,

around 70% of data is used for training and 30%vé&bidation T able 6).

Model performance can be evaluated systematicallygucross-validation techniques.
In k-fold cross-validation, the data is randomlyided into k equal sized subsamples,
with one subsample retained as validation data. réh@aining k-1 subsamples are
used as training data. The process is repeatedds tiwith each subsample used once
as the validation subset. The average error sewdke performance parameter (Liu

et al., 2017). The leave-one-out validation proceds utilized when the number of
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available samples is small (Ren et al., 2009). his approach, n-1 samples are

adopted to train the model and the remaining sanugked for validation. The

procedure is repeated n times and the root meaarescgrror of cross-validation

(RMSECV) serves as the performance parameter. Kaoet al. (2001) used the

leave-one-out approach to validate a PLS model 88tsamples.

Table 6 summary of data use in selected studies

Training/validation sets Corresponding statistiogthods References

75% (n=81) / 25% (n=27) PLSR, RF, PSR (Chakrabetrg/.,
2015)

70% (n=133) / 30% (n=57) RF, PSR, ENET (Chakraberts.,
2017)

75% (n=225) / 25% (n=75) Cubist (Peng et al., 2016)

66% (n=63) / 34% (n=32) PLSR (Shi et al., 2014b)

80% (n=96) / 20% (n=24) PLSR, PCR (Tayebi et &117)

78%(n=107)/22%(n=30) PLSR (Okparanma et al.,
2014a)

75% (n=101)/25%(n=34) PLSR, SVM (Stazi et al., 2014

67% (n=50)/33% (n=75)

MLR, BPNN, GA-BPNN

(Zhao &t 2018)

Acronyms: GA-BPNN= genetic algorithm optimizatiori lsack propagation neural network; ENET=elastic regjression;

MLR=multiple linear regression; PCR=principal compat regression; PLSR=partial least squares regre8SR=penalized

spline regression; RF=random forest regression; S8Mijport vector machine;

6.5 Model quality assessment

Model quality assessment is a key process in mackearning. Determination

coefficients (), the root mean square error (RMSE), residual iptieth deviation

(RPD), the ratio of performance to inter-quartilstance (RPIQ), standard error (SE)

and bias, can all be used to quantitatively assestel quality Table 7).

The R value is the most widely used parameter for assgssodel quality, which is

the proportion of the variance in a predicted va(dependent variable) that is

predictable from the independent variable. Theasld® is to 1, the better the fit of

the model. Reported’Rvalues in the reviewed literature ranged from dD.99.

The RMSE value is the standard deviation of thedueds (prediction errors). The

smaller the RMSE, the higher the accuracy of thelehoPRD is a goodness-of-fit
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parameter that is defined as the standard devidildaded by the RMSE, with values
greater than 1.8 considered good (Douglas, Nawemar, et al.,, 2018; R. A. V.

Rossel, Walvoort, Mcbratney, Janik, & Skjemstad)@0PRD values reported in the
reviewed studies ranged from 0.51 to 6.23 (Somsul@tmakraborty et al., 2017;

Kemper & Sommer, 2002).

Table 7 Evaluation parameters for determining model gyalit

Parameters Equations

r= Z?(Yi,pre - ypre)(yi - 37)
\/E;l(yi,pre - ypre)z \/E?(YL - }7)2
R? = Z?(Yi,pre - 37)2 -1— Z;l(yl _yi,pre)z

r (correlation coefficient)

R? = =
VEIO: = 7)? VEIO: = 7)?
1 n
SE (standard error) SE = T Z i = Vipre)?
n— 1 !
n 2
RMSE (Root mean square effort) RMSE = 23 (Yipre — i)
n
RPD = Yipre — Yi
2
RPD E?(Yi,pre — Yi)
n
. . SD
RSD (relative standard deviation) RSD =
mean
n
Bias Bias = Z W
1

y;is the observed value of sampleyji,,,. is the predicted value of sampleyiis the average of observed valgig,, is the

average of predicted value.

7 Summary and future research directions

Soil contamination has become a global issue, asthimable remediation strategies
rely upon detailed mapping of soil pollutants (HE020; Hou et al., 2020a). VIRS
combined with machine learning has been identiisda promising approach for
detecting soil contamination remotely. Organic eomhants, including TPH and
PAH, can be detected by VIRS due to characteristmecular vibration and

stretching (Song et al., 2012; Webster et al., 20H@avy metals are detected by
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proxy, exploiting their relationships with variogsil constituents, including SOM,
Fe-oxides and clay minerals. Because soil contamsnean affect plant physiology,
vegetation spectra can also be used to predictcealamination levels (Shi et al.,

2014b; Wu et al., 2005).

Proximal, airborne and spaceborne sensors habeetl used to collect VIRS spectral
data, with the ability to assess large areastie litme (Gholizadeh et al., 2018). After
collection, VIRS data requires preprocessing toimish noise and remove the
outliers, which can be achieved with various maitgral methods. Traditional
physical sampling is also required for model caliton and validation. Various
machine learning algorithms have been used in sgetdta interpretation, including
regression, neural network, and random forest. @ mesthods can be improved by
other advanced algorithms, such as genetic algosittiowever, challenges still exist,
and further research is needed in various area¢lRE based remote sensing in

combination with machine learning for soil contaation mapping.

Data collected by VIRS strongly relates to local pooperties (Rathod et al., 2013).
The need to calibrate with site specific samplesdentified as a big drawback.
Libraries of soil spectra collected throughout therld are being established by
different institutions (Brown et al., 2006). As Heelibraries are furnished with greater
abundance of spectra data, further research isedeteddetermine if VIRS analysis
can be adequately calibrated with cataloged sged#ta when surveying unsampled

sites.

VIRS could also serve as a complementary methainiall-scale site investigations.
The sampling size could be reduced to predict com@nt levels at specific sites.
Although models would need to be built for contaaminprediction, this would be

attractive due to the low-cost of model buildingmgared to traditional sampling
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techniques. A drawback would be that VIRS is limite surface monitoring, while

contaminated land site investigations are ofterceored with the subsurface.

Combining VIRS with complementary technology magpvy@ a promising research
direction. Recent studies that have lead in thisation include Hu et al. (2017a),
who explored a method involving VIRS combined withray fluorescence (XRF) to
measure heavy metals rapidly. Xu et al. (2019) altbzed XRF and VIRS,
combined with the strategy of outer-product analyand Granger—Ramanathan
averaging, to predict Cd contamination in soil afdained an acceptable prediction
accuracy. Chakraborty et al. (2017) combined ViB-NHiffuse reflectance
spectrometry with geostatistical analysis to idgnfis hotspots. Additionally, land
feature variables correlating to pollutant pathwegsld be used in combination with
spectral data. For instance, topography, land yse, distance to factories could be

incorporated.

Although several studies have shown that VIRS ctwldised for soil contamination
mapping, the majority have been conducted in therktory (Shi et al., 2014a).
Field-based studies have not proved as accuratincse in the laboratory. The
presence of vegetation, cloud and moisture canfsigntly influence the accuracy of
VIRS (Shi et al., 2014b). This challenge might lbéved by advanced sensors with
higher signal-to-noise ratios and more effectivectal data preprocessing and

calibration with machine learning algorithms.

Spaceborne spectrometry enables us to achievetéomgtemporal and large-scale
spatial monitoring of soil health. However, obstgckuch as cloud and vegetation
coverage need to be dealt with. There have beemited number of studies that
attempted to explore soil contamination throughetatjon spectral data, most of

those were based on a single vegetation specissdlla et al., 2018; Shi et al., 2016).
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The information provided by spectral data may aoyn both vegetation species and

their growth stage, which should be further invgsied.
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Highlight

VIRS based detection serves as a sustainable way in mapping soil pollution.

The combination of machine learning enables VIRS to provide an accurate result.
Heavy metals and organic pollutantsin soil can be monitored this way.

Fe-oxide, clay minerals and soil organic matters are influential factors.

Field-based study is requisite to improve this method.
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