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Abstract

Soaring food demand, population pressure, land degradation, small size of agricultural land
holdings, and diversified soil types in India require advanced digital soil mapping (DSM) for
sustainable land management. This paper systematically reviews the common trends of
SCORPAN based DSM in India to identify the important research gaps and opportunities to
improve in future. A systematic literature search from 2000 to October 2021 has yielded 35
numbers of peer reviewed articles, which have performed DSM in India following the
SCORPAN approach. The increased number of published articles from 2017 onwards
suggests that there is a growing interest for DSM in India over the past few years. However,
only two articles have prepared digital soil maps at a national extent. Moreover, the local and
regional extent DSM are being limited to only a few parts of the country. There still remains
50% of the states and Union Territories of the country where no DSM studies have been
performed except the national or global level interventions. Among the target variables, soil
carbon related attributes have been predicted most frequently, whereas soil classes have been
rarely predicted. Environmental covariates representing organism (O) and relief (R) have

been widely included for DSM, whereas use of other covariates has been limited. Among
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different machine learning (ML) algorithms, regression kriging has been adopted most
frequently followed by random forest and quantile regression forest. Most articles have
adopted data splitting (76%) as the map evaluation approach, whereas independent validation
has been limited only to 5% of the articles. Only 34% of the articles have presented the
uncertainty maps. Major research gaps identified by this review include lack of standardized
digital soil databases, poor sampling density, coarse resolution, limited use of environmental
covariates, insufficient comparative studies among ML algorithms, inadequate independent
validation, and undersupply of uncertainty maps. Key evidences from this review will be
helpful for improving future DSM activities by scientists and practitioners involved with

DSM in India and abroad.

Key words: Legacy soil data; SCORPAN; Environmental covariates; Machine learning

1. Introduction

Over the past few decades, population pressure, climate change, and devastating land
management practices have led to a widespread decline in soil quality and productivity
(Brevik et al., 2015). Land management has emerged as a major challenge at present (Garg et
al., 2020). Hence, there is a worldwide demand for a systematic global soil resource database
to address ‘soil security’ (McBratney et al., 2014). Moreover, a wide range of disciplines and
sub-disciplines also require precise soil information for dealing with various global issues
related to food, water, energy, environment, biodiversity, and human health (Grunwald et al.,

2011; Hartemink, 2015).

Mapping soils is the preliminary step in decision making such as delineation of suitable crop
growing areas or identification of affected areas (Dharumarajan et al., 2017). Conventional
soil mapping (CSM) is typically based on the mental model (Hudson, 1992) of the soil

surveyor who puts homogenous areas into soil polygons or classes. However, the polygons



drawn this way ignore the within-class variations and are hence difficult to interpret. Further,
the tedious field survey and lengthy analytical steps make the mapping process intensive and
time consuming (Lagacherie & McBratney, 2006). Moreover, these hard copy maps often
remain inaccessible and unused by the end-users (Santra et al., 2021). Fortunately, with the
conceptualisation of the SCORPAN approach and Digital Soil Mapping (DSM) techniques
by McBratney et al. (2003), a widespread digital revolution in soil mapping has been
witnessed in the last two decades. DSM technique provides quick measures to predict soil
properties at locations, which are not sampled based on the observed values at the sampled
sites and other environmental covariates (predictive factors). Unlike the conventional soil
maps, digital soil maps provide us with estimates of accuracy and uncertainty associated with
the prepared soil maps (Minasny & McBratney, 2016). Moreover, DSM is a strong
supporting tool to the present-day precision agriculture (Minasny & Hartemink, 2011).
Keeping the essentiality of DSM in view, DSM Working Group (WG) of the International
Union of Soil Sciences (IUSS) has taken wup the ‘GlobalSoilMap’
(https://www.isric.org/projects/globalsoilmapnet) initiative to prepare fine grid digital soil
maps (~100 m spatial resolution) of the world (Arrouays et al., 2014, 2017). Recently, initial
versions of global extent digital soil maps notably SoilGrids 2.0 (https://soilgrids.org/) have
also been prepared at a 250 m spatial resolution using the World Soil Information Service
(WoSIS) database developed by ISRIC (International Soil Reference and Information Centre;
Poggio et al., 2021). The Global Soil Partnership (http://www.fao.org/globalsoilpartnership/)
initiative by the Food and Agriculture Organization (FAO) also focuses on strengthening the
GLOSIS (Global Soil Information System) for promoting sustainable soil management across

the world.

India is the seventh largest country of the world having a total geographical area of 328.73 M

ha and a gross cropped area of 197.05 M ha (Government of India, 2020). With an 1.37



billion population (by 2019), India is currently the second most populous country of the
world. Current projections by United Nations, Department of Economic and Social Affairs,
Population Division (2019) suggests that India will surpass China and become the world’s
most populous country around 2027. Pressure on the land resources, land degradation (~64 M
ha), shrinkage of agricultural lands, and soaring food demand for a projected 1.65 billion
population by 2050 (Vision 2050, 2015) are the burning issues in India. Desertification, poor
soil quality, multi-nutrient deficiency, and stagnant yield are few of the major aggravating
soil-related issues in India warranting rapid soil assessments (Sahrawat et al., 2010; Singh
and Chatterji, 2018). Specifically, as we transit from a rural to an urban India with smart
cities, the assessment of soil properties at finer resolutions will provide much of our land
management decisions in the upcoming years. However, highly diversified soil groups across
the country (owing to the widely varying climatic conditions, geology, and topography) make
soil management reasonably difficult (Bhattacharyya et al., 2013). Moreover, 86.08% of
India’s agricultural land holdings are small and marginal having land size less than 2 hectors
with an average size being 1.08 ha (Agricultural census Division, 2015-16). Hence, the
existing small scale (large mapping extent) conventional soil maps are not sufficient to
manage the small and marginal land holdings of the country. Under these circumstances,
adopting DSM methodologies for preparing fine resolution digital soil maps holds great
relevance. In this context, this paper performs a systematic review of the published
SCORPAN based DSM literatures in India to understand the common trends, research gaps,

and future opportunities of DSM in India.

2. Evolution of soil mapping in India

2.1. Conventional soil mapping



Conventional soil maps are prepared by taking field observations and other auxiliary
information such as geology, topography, land use, and land cover, which are then integrated
with the expert or conceptual knowledge of the soil surveyor to group homogenous areas into
classes or polygons (Minasny & McBratney, 2016). The first soil map of India was prepared
by Schokalskaya in 1932 (Bhattacharyya et al., 2013) followed by which, several soil maps
were prepared. Soil map of India at 1: 6.3 million cartographic scale was published in 1983

based on USDA soil classification system (Murthy and Pandey, 1983).

Before the 1980s, Indian soil survey systems remained confined to field and laboratory based
methods rarely being associated with photointerpretation of aerial photographs (Sharma &
Kalia, 1987). Subsequently, digital satellite imageries such as LANDSAT TM (Manchanda
and Hilwig, 1981), IRS-1A LISS II (Kudrat et al., 1992), and IRS-1C/1D LISS-III were used
to delineate physiographic boundaries of small cartographic scale soil resource maps
(Manchanda et al., 2002). Attempts were also made to map salt-affected soils, waterlogged
areas, and degraded lands (Dwivedi and Sreenivas, 1998). Topographical maps from the
Survey of India were in use for obtaining information related to topography (Saha and Singh,
1991). In the 2000s, Digital Elevation Models (DEMs) from satellite imageries such as
SPOT-1, ASTER, IRS-1C/1D, Cartosat- 1 were assessed for extracting terrain features
(Ahmed et al., 2007). Besides the DEMs, the physiography-land use (PLU) maps prepared
through digital image processing of RS products also assisted the CSM (Velmurugan &

Carlos, 2009).

The institutional setups consisting of premier organisations such as All India Soil & Land
Use Survey (Presently, Soil & Land Use Survey of India (SLUSI)) in 1958, Indian
Photointerpretation Institute (presently, Indian Institute of Remote Sensing (IIRS)) in 1966,
National Remote Sensing Agency (Presently, National Remote Sensing Centre (NRSC)) in

1974, National Bureau of Soil Survey and Land Use Planning (NBSS&LUP) in 1976 played
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vital roles in soil resource mapping activities across India. USDA soil taxonomy based family
level soil map of the entire country has been completed at a 1:2,50,000 cartographic scale by
the NBSS&LUP (Bhattacharyya et al.,, 2009). Soil and terrain digital database of Indo-
Gangetic plains and black soil regions of India has been prepared under the SOTOR
framework systems (Chandran et al., 2014). So far, NBSS&LUP has prepared soil resource
maps at 1:2,50,000 and 1: 50,000 cartographic scales for 300 M ha and 200 M ha land of the
country, respectively. However, the detailed soil maps (1:4,000/ 1:10,000/ 1:15,000
cartographic scale) prepared by the year 2018 have been limited only to ~23 M ha of land
(Dharumarajan et al., 2019). Most of the conventional soil maps in India have been digitized
later to produce digitized soil resource maps. These digitized versions of the conventional soil
maps can be considered as ‘digitized soil maps’, but they cannot be considered as ‘digital soil
maps’ (Santra et al.,, 2017a, 2021). Digitizing the conventional soil maps or making the
conventional soil maps available in digital platforms doesn’t qualify to be considered as
digital soil maps. Rather, soil maps need to be prepared using DSM methodologies

(McBratney et al., 2003) in order to be considered as digital soil maps.

2.2. Digital soil mapping

The concept of DSM originated from Jenny’s CLORPT theory (Jenny, 1941) and was later
extended by McBratney et al. (2003) in form of SCORPAN approach to describe quantitative
relationships between soil property or classes and environmental covariates to prepare
continuous soil maps. Three major components of DSM are input, process, and output
(Lagacherie and McBratney, 2006). The ‘input’ refers to data generated from field and
laboratory observational methods, which are ‘processed’ through spatial soil inference
systems (predictive models) to finally produce spatially continuous soil maps as ‘outputs’.
The SCORPAN refers to the set of environmental covariates (also known as predictive

factors or auxiliary variables), which can essentially be used for establishing quantitative
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relationships with the target soil property or class to develop regression equations for
prediction purposes. The SCORPAN approach as proposed by McBratney et al. (2003) is

equated as:

Sa (or) Se=f(S,C,O,R,P,A,N)+e (1)
Where, S, (soil property) or S. (soil class) is represented as a function (f) of 7 different
environmental covariates viz. S (soil), C (climate), O (organism), R (relief), P (parent

material), A (age of weathering), and N (spatial position). Here, ‘e’ is an error component.

Since 2000s, many studies in India have prepared digital soil maps using conventional DSM
techniques such as geostatistics based spatial interpolation methods (Behera et al., 2018;
Shukla et al., 2016). One of the popular geostatistical methods is ordinary kriging, which uses
the principle of spatial autocorrelation for making predictions at unsampled locations based
on the observed values at the sampled locations (Oliver, 1987). However, considering the
limitations associated with the geostatistical methods such as assumptions for data
distribution, need of higher sample size, data transformation, and incompetence to deal with
non-linear relationships, SCORPAN approach to prepare digital soil maps using different
machine learning (ML) tools have been widely adopted as advanced DSM methodologies all
over the world (Wadoux et al., 2020a, 2020b). ML involves the process of regression and
classification to build prediction models using principles of spatial association. ML models
have been preferred over the geostatistical methods as they are capable of handling large
datasets having complex relationships among different cross-correlated covariates and soil
properties (Wadoux et al., 2020a). Recently, SCORPAN based DSM using different ML tools
have started to draw more attention in the DSM scenario of India. In this paper, we will be

discussing in detail the current status of SCORPAN based DSM in India.

3. Materials and Methods



For this systematic review, we followed a systematic mapping approach (James et al., 2016)
to compile relevant information from the existing scientific literatures. Scopus, Google
Scholar, ScienceDirect, and WoS (Web of Science) databases were searched from the year
2000 up to 31% October, 2021 to access all the published peer reviewed journal articles,
which followed the SCORPAN based approach to prepare DSM in India. The literature
search was performed on the titles, abstracts, and key words with strings including ‘soil
mapping’, ‘digital mapping’, ‘digital soil mapping’, ‘map’, ‘predict’, ‘soil properties’, ‘soil
classes’, ‘predictive soil mapping’, ‘India’, ‘machine learning’, ‘SCORPAN’ with ‘AND’ and
‘OR’ operators. All the search outcomes were screened and duplicates were removed first.
Then, the articles, which did not perform DSM for soil property or classes were eliminated.
The articles, which adopted only geostatistical methods of DSM without considering any
environmental covariates were also removed. After the exclusion process, only the articles,
which have performed DSM in India based on SCORPAN approach were targeted for this
systematic review (last archived on 31" October 2021). Thirty five articles were identified
according to the above criteria. Relevant information from these articles including year of
publication, location, geographical area, mapping extent, sampling density, method of
sampling, maximum depth of sampling, target variables, environmental covariates, sources of
environmental covariates, prediction models, evaluation approaches, mapping of uncertainty
etc. were extracted and presented in tabular formats (Table 1 and 2). Suitable figures and

graphs were also presented for better understanding of the common trends and research gaps.
4. Results and Discussion

Relevant information from the selected 35 articles is being presented in Table 1. Only 6
articles were published by year 2016. However, a growing trend has been observed in the
number of published articles from 2017 onwards with 5, 7, 6, 5 numbers of articles being

published in 2017, 2018, 2019, and 2020, respectively. Also, 6 articles have already been
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published by October, 2021 indicating that there is a growing interest for DSM in India over
the past few years. Few of the publication outlets include Geoderma regional (20%),
Geoderma (14%), Journal of the Indian Society of Remote sensing (9%), and Catena (9%).

Key findings from the systematic review have been discussed in the following sub-sections.
4.1. Geographic distribution of DSM activities, mapping extent, and resolution

Fig. 1 presents state and Union Territory (UT) wise geographic distribution of DSM activities
in India excluding those performed at a national or global extent. Out of the total 36 entities
(28 states and 8 UTs) of India, 33% of the entities are observed with only one DSM study
each, 14% with 2 to 5, and only 3% of the entities with more than 5 numbers of DSM studies.
However, the remaining 50% of entities are observed with no DSM studies so far. It indicates
that DSM is still at a primitive stage in India and the vast extents of digitally unmapped areas

are yet to be targeted for DSM in future.

Plot (0-1 kmz), local (> 1 km*-10* kmz), and regional (>104—107 kmz) extent soil maps

constitute 3%, 54%, and 43 % of the DSM studies in India. However, out of all the regional
extent soil maps, only two articles (Reddy et al., 2021; Sreenivas et al., 2016) constituting 5%
of the total number of articles have conducted DSM at the national extent covering the entire
country. Vastness of the country with widely varying soil groups, diversified ranges of
physiography, climate, and parent materials might have challenged the digital soil mappers to
uptake national extent DSM attempts. Some of the global DSM products notably SoilGrids
2.0 (https://soilgrids.org/) and OpenLandMap (https://openlandmap.org/) also provide soil
information for India each at a resolution of 250 m (Hengl et al., 2017). Recently,
Dharumarajan et al. (2021a) have compared a locally prepared SOC stock map for a 56,763
km® area of South-West India with the global DSM product SoilGrids and observed the

locally prepared soil map to be more accurate (R’=0.46) compared to the global DSM



product (R’=0.11). In this case, poor sampling density associated with the global DSM
product could be a reason for its lesser accuracy against the local DSM product (de Sousa et
al. 2020; Dharumarajan et al., 2021a). It indicates that irrespective of the huge potential of
larger extent (such as national or global) DSM products, local extent studies are still essential
for local level applications. Conducting more such comparison studies among DSM products
prepared at different mapping extents could provide more insights about their practical

utilities in different aspects.

Spatial resolution is a key factor in soil mapping that determines the applicability of the soil
maps. Reddy et al. (2021) and Sreenivas et al. (2016) have prepared national extent soil maps
at 500 m and 250 m resolutions, respectively. Bhuvan geoportal (https://bhuvan.nrsc.gov.in/)
of ISRO-NRSC provides country-wide soil information for specific soil properties at a 5000
m spatial resolution. Regional extent soil maps have been prepared by Sreenivas et al. (2014),
Santra et al. (2017a), and Dharumarajan et al. (2020a) at 1000 m, 1000 m and 250 m spatial
resolutions, respectively. Similarly, Mitran et al. (2018) and Hinge et al. (2018) have
prepared regional extent soil maps at 90 m spatial resolution. Kalambukattu et al. (2018) and
Mitran et al. (2019) have prepared local extent soil maps at 30 m resolution. Xu et al. (2018 a,
2018b) have prepared fine resolution soil maps (<10 m) at local extents. Considering the
average Indian agricultural landholding size being 1.08 ha, digital soil maps need to be
prepared at fine resolutions for making farm level agricultural management decisions (Reddy
et al.,, 2021). Fine resolution remote sensing (RS) products and DEMs with sufficient
sampling density should be adopted for developing digital soil maps at fine resolutions

(Dharumarajan et al., 2019; Santra et al., 2021).

4.2. Legacy soil data

10



Legacy soil data is also known as historic soil data (Grunwald et al., 2009) referring to geo-
referenced soil databases generated in the past. Typically, these data are available in form of
soil profile databases or polygon-based soil maps (Zhang et al., 2017). Indian legacy soil
information is primarily available in form of soil series and soil survey reports of
NBSS&LUP (Santra et al., 2017b). Hard copies of these soil survey reports and soil resource
maps can be obtained from NBSS&LUP publications catalogue. Recently, Reddy et al.
(2021) have published nationwide digital soil maps using the Indian legacy soil database
consisting of 1,707 soil profiles, most of which have been retrieved from soil series
publications by NBSS&LUP available at the Krishikosh public domain
(https://krishikosh.egranth.ac.in/). Similarly, Dharumarajan et al. (2019) has reported about
the availability of Indian legacy soil information in the digital platform ‘Bhoomi geoportal’
(www.bhoomigeoportal-nbsslup.in) of NBSS&LUP. So far, the 1:1M, 1:2,50,000, 1:50000
cartographic scale legacy soil maps on the digital platform offer only polygon boundary
information with limited options to download the digitized soil maps. Moreover, the polygon
boundary information is often confusing among the adjacent polygons and is also insufficient
to provide point values. Although the 1:10,000 cartographic scale soil resource maps offer
point values, they are being limited only to a few selected blocks and districts of the country.
Nevertheless, the digital availability of analytical values of soil profiles is also being limited
to a few regions of the country with limited options to download them. Even though Indian
legacy soil data is huge, they need to be organised properly (Chandran et al., 2014;
Dharumarajan et al., 2019). Bringing the enormous soil information of such a vast country
into digital formats might be challenging, but is supposed to boost the legacy data based
DSM in India. Nevertheless, a harmonized and searchable digital soil database is yet to be
developed for the whole country by gathering information generated by different local, state,

and national level institutes in the past (Chandran et al., 2014; Reddy et al., 2021).
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As per this review, 28% of the studies have produced digital soil maps using legacy soil data
(Table 1) and the rest (72%) have conducted soil sampling. Okonkwo et al. (2018) used
legacy data of 34 soil profiles from NBSS&LUP to prepare soil pH and Electrical
Conductivity (EC) maps in the state of Punjab. Similarly, Santra et al. (2017a) retrieved the
legacy soil data for the states of Rajasthan and Gujarat for preparing digital soil maps of sand
content at multiple soil depths. Dharumarajan et al. (2020a) have used a legacy soil dataset
consisting of 5174 soil profile information to prepare a digital soil depth map of Karnataka
state. The ‘GlobalSoilMap’ initiative necessitates organising the soil data at 6 specific depth
intervals, i.e., 0-5 cm, 5-15 cm, 15-30 cm, 30-60 cm, 60-100 cm and 100-200 cm for
preparing harmonized digital soil maps of the world (Arrouays et al., 2014). Recently,
NBSS&LUP has also initiated a project called “IndianSoilGrids” in collaboration with
Institut National de la Recherche Agronomique (INRA), France for preparing legacy data
based digital soil maps in India using GlobalSoilMap specifications (Dharumarajan et al.,
2020b). Nevertheless, one should be careful while using legacy soil data as these have been
collected from multiple year-long projects conducted years back, which might have been
generated using varying sampling strategies and outdated analytical techniques. Also, the old
data may not truly represent the present status of soil, specifically for the non-static soil
properties. Hence, improvements in specific aspects such as legacy data rescue, data
harmonization, and uncertainty assessments are essential. Moreover, instead of being
confined only to legacy soil data, regular soil profile sampling should be carried out using

standard sampling strategies (Hengl et al., 2017).

4.3. Soil sampling strategies

Soil sampling is the preliminary step in soil mapping. The sampling techniques followed in
India include random (58%), stratified random (31%), and grid (11%). Most of the soil

studies (80%) have tried to map only for the surface soils and the remaining 20% of studies
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have performed for multiple soil depths. Some of the recent studies (Santra et al., 2017a);
Dharumarajan et al., 2020b; Reddy et al., 2021) constituting 14% of the total number of
articles have generated digital soil maps at 6 GlobalSoilMap specified soil depths (up to 2m).
Equal area quadratic spline function has been used in different studies (Dharumarajan et al.,
2020b; Reddy et al., 2021; Santra et al., 2017a) for harmonizing the soil depths. Sampling
density is observed to be varying greatly among different mapping extents. The mean
sampling density (number of samples per square km) at national, regional, and local extent
digital soil maps have been observed to be 0.00045, 0.034, and 10.07, respectively. The
global DSM product SoilGrids 2.0 has even lesser sampling density (0.067 profiles per 1000
km?) for India (Batjes et al. 2020; de Sousa et al. 2020). Thus, larger mapping extents have
often been associated with coarser sampling densities. Similar observation is also reported by
Wadoux et al. (2020a). However, it is essential to maintain an optimum sampling density for
producing quality soil maps (Minasny et al., 2013). Chhipa et al. (2019) have used an optimal
sampling technique by selecting sample points, which provided minimum kriging variance.
Over the years, many concepts on soil sampling have been developed. However,
geostatistical and probability based samplings are considered better for model calibration and
validation, respectively (Zhang et al., 2017). Nevertheless, since it is not always practically
possible to collect soil samples from the model-derived points, more flexible and efficient

sampling strategies need to be explored.
4.4. Predicted variables

Fig. 2a. represents frequency of predicted variables in different DSM articles. Twenty out of
35 articles (57%) have prepared digital soil maps for a single target soil variable, whereas the
remaining 43% of articles have predicted for multiple target variables. For example,
Dharumarajan et al. (2020b) have prepared digital soil maps for 8 different soil properties

including soil pH, SOC, Cation Exchange Capacity (CEC), sand, silt, clay, Field Capacity
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(FC), and Permanent Wilting Point (PWP). Soil carbon related soil properties such as SOC
stock, SOC density, SIC density, and total organic carbon etc. constitute a majority of 32% of
all the predicted variables. Other frequently predicted variables in India include soil depth
(12%), soil separates (11%), macro nutrients (12%), and soil physicochemical properties such
as pH and EC (12%). Other soil properties including FC, PWP, and micronutrients have been
predicted less frequently (Fig. 2a.). On the other hand, only two articles (Shukla et al., 2018
and Gomez et al., 2019) constituting 4% of the total number of articles have created digital
soil maps for soil classes. It indicates that the prediction for categorical variables (soil
classes) has remained unexplored by DSM interventions in India. Similar trend has also been
reported in other international articles (Grunwald et al., 2009; Zeraatpisheh et al., 2020). In
this aspect, there is a need to expand DSM in India to other potential target variables
including both categorical soil variables (such as textural class, soil suitability class, drainage
class, soil erosion classes etc.) and quantitative soil properties. Locally important soil
variables possessing relevance for multiple sectors such as agriculture, land use planning,
construction, and engineering should be targeted for DSM on a priority basis (Zeraatpisheh et
al., 2020). Besides soil property and classes, important soil functions also need to be mapped
using DSM (Zhang et al., 2017). These soil functions maps will be helpful to assess soil
specific functions that include biomass production, maintaining soil biodiversity, carbon
sequestration, nutrient and water recycling, and other ecosystem services (Greiner et al.,
2018). Nevertheless, GlobalSoilMap has specified 12 relevant target variables for DSM
including soil depth, effective soil depth, sand, silt, clay contents, coarse fragments, pH,
SOC, effective CEC, bulk density, available water capacity, and EC (Arrouays et al., 2014).
Hence, besides focusing on the locally relevant soil properties, there is also a need to focus

on the GlobalSoilMap specified target soil properties through which, Indian DSM can
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potentially contribute towards enriching the global digital soil databases. 4.5. Environmental

covariates

Suitable environmental covariates (SCORPAN factors) can improve prediction accuracies of
digital soil maps (McBratney et al.,, 2003; Zhang et al., 2017). A wide variety of
environmental covariates including soil properties (S), climate (C), organisms (O), relief (R),
parent material (P), age of weathering (A), and spatial position (N) can be used as
environmental covariates for DSM. Legacy soil maps, climatic data, RS products, DEMs, and
geology maps have been used as sources of environmental covariates for DSM in India
(Table 2). The frequency of use of different environmental covariates in DSM activities in
India has been presented in Fig. 2b. The environmental covariates representing organism
(29%) and relief (29%) are the most frequently used covariates followed by covariates
representing climate (18%) and soil (13%). However, the covariates reflecting parent material

(8%) and spatial position (3%) have been included relatively less frequently.

Relevant soil information including those obtained from RS, proximal sensing, existing soil
maps (legacy soil maps) can be used to represent ‘S’ in the SCORPAN (McBratney et al.,
2003). In India, Sreenivas et al. (2014, 2016), Santra et al. (2017a), Okonkwo et al. (2018),
Dharumarajan et al. (2021a, 2021b) have used legacy soil maps from NBSS&LUP as
environmental covariates. Some of the commonly extracted environmental covariates from
the legacy soil maps include order, sub-order, great group, soil type, depth, texture, drainage,
physiography, and landform (Table 2). Indian legacy soil maps have been prepared at
different cartographic scales by different national institutes including NBSS&LUP, SLUSI,
and NRSC (Dharumarajan et al., 2019). Although extensive Indian legacy soil maps have
been prepared, only 13% of the DSM articles have employed them as environmental
covariates. Hence, more interventions are needed to explore the Indian legacy soil maps as

potential environmental covariates for DSM. Bhoomi geoportal of NBSS&LUP and Bhuvan
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geoportal of NRSC can be explored for soil resource maps. Also, greater efforts are desired to
make the legacy soil maps available in digitally downloadable formats with suitable legal
frameworks under which they can be used for DSM nationally and internationally. However,
the spatial extent and cartographic scale of the legacy soil maps must be considered before
using them for DSM (Santra et al., 2017b). For example, a legacy soil map prepared at a
small cartographic scale (larger mapping extent) may not have sufficient data for plot-level
decision-making. Hence, expanding the detailed soil surveys at 1: 4,000 and 1: 10,000
cartographic scales to more areas of the country will be helpful for obtaining more potential
covariates for DSM in India (Dharumarajan et al., 2019). In addition to existing soil maps,
there is also a need to adopt novel soil measurement methods such as electromagnetic
induction, ground-penetrating radar, and spectroradiometers for rapid generation of soil
information, which can also be used as environmental covariates in DSM (Zeraatpisheh et al.,

2020).

Climatic factors are considered as important covariates at larger mapping extents, but might
not have major impacts at a plot or local extent DSM (Zeraatpisheh et al., 2020). Most of the
DSM activities in India have derived climate-related covariates from the Worldclim database
(http://worldclim.org/current). Some of the frequently used covariates representing ‘C’ in the
SCORPAN include temperature, precipitation, temperature seasonality, and precipitation
seasonality (Table 2). Air temperature was observed to be an important predictor for SOC by
Sreenivas et al. (2014, 2016). However, most of the DSM in India have been taken up at local
or regional extents, which might be a reason that climate-related covariates have been used
less frequently (18%) compared to relief and organism related covariates (Fig. 2b.). Relevant
information from automatic weather stations can also be utilized for obtaining relevant

covariates representing ‘C’ (Lamichhane et al., 2019).
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Covariates representing ‘O’ and ‘R’ have been included very frequently for DSM in India
(Fig. 2b.). Organism (O) in the SCORPAN refers to the covariates related to vegetation, soil
fauna, and human activities such as varying land use and management practices. For
example, vegetation and land use are important predictors of SOC (Minasny et al., 2013). In
recent years, both conventional and RS derived products are in frequent use to extract
organism related covariates. Some of the frequently used covariates in India to represent ‘O’
in the SCORPAN include land use land cover (LULC), Normalized Difference Vegetation
Index (NDVI), and Enhanced Vegetation Index (EVI). Band reflectance values and band
ratios of different satellite imageries such as MODIS, Landsat, and Sentinel have also been
employed as potential covariates to represent ‘O’ (Table 2). Relief (topography) is also one of
the important predictor for DSM, especially at a local or regional extent soil mapping
(Zeraatpisheh et al., 2020). Relief affects soil microclimate and thereby influences soil
characteristics (Dash et al., 2019). Most of the DSM studies in India have derived the terrain
attributes from SRTM DEM, Cartosat DEM, ASTER DEM, and ALOS DEM (Table 2).

Inclusion of more of such fine resolution RS products will be helpful for generating fine

resolution digital soil maps (Santra et al., 2021).

Parent material or geology is a vital predictor of soil properties (Guo et al., 2015). Geological
information has been considered important for explaining soil distributions across medium
cartographic scale soil maps (Miller & Schaetzl., 2016). However, our review identifies that
only a few (8%) DSM articles in India have included covariates representing ‘P’ (Fig. 2b).
Hence, there is need to explore more options for including geological covariates for DSM in
India. Sreenivas et al. (2016) and Mitran et al. (2018) have used geological information
obtained from Geological Survey of India as covariates for DSM. Bhukosh geoportal of
Geological Survey of India (https://bhukosh.gsi.gov.in/) can be explored for geological

information. The use of spatial position (N) has also been limited only to a few (3%) studies
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(Shukla et al., 2018; Xu et al., 2018a), whereas age of weathering (A) has never been used as
a covariate for DSM in India. These results indicate that future DSM interventions should

identify and include more potential covariates under the SCORPAN domain.

Different combinations of environmental covariates used in India has been presented in Fig.
2c. The combination of O+R (organism and relief) covariates has been used most frequently
(29%) followed by S+C+O+R (11%). ‘O’ and ‘R’ related covariates are used in most of the
combinations. It indicates that the open-source availability of RS products and DEMs have
triggered their use as environmental covariates in DSM. Similar pattern of use of
environmental covariates have also been reported by Lamichhane et al. (2019) while
reviewing DSM of SOC across the world. Nevertheless, in case where multiple covariates are
being used, potential feature selection methods should be explored for selecting relevant

covariates for prediction modelling (Chandrashekar and Sahin, 2014).

4.6. Predictive models

Different algorithms (predictive models) are used to establish quantitative relationships
between input (predictor) and output (target) variables by subjecting a training dataset to a
regression and/or classification process (Heung et al., 2016). High-level computer-based
programming languages such as R and Python have frequently been used to apply different
ML models for DSM. A simple regression model refers to prediction of a target variable ‘y’
based on the relationships between several predictor variables (Xi, Xa,...., Xx) (Zeraatpisheh et
al., 2020). Here, ‘y’ is the dependent variable and x;, Xa,...., Xk are the independent variables.
Linear models tend to fit a linear equation to the measured data. Mitran et al. (2019) have
used Multiple Linear Regression (MLR) to predict particle size distribution in the state of
Karnataka. However, linear regression models are not competent in terms of dealing with

non-linear relationships among the target variable and predictors. Any form of regression
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model when used with kriging of residuals develops into a hybrid model such as regression
kriging (RK). As per this review, 11% of the articles have used MLR and a majority of 37%

of the articles have used RK as predictive models.

Tree models are robust ML techniques gaining popularity in the recent years (Heung et al.,
2016). The most basic form of tree models is the classification and regression tree (CART),
which produces a tree-based structure of its predictor variables for the decision purpose. A
better version of CART is the random forest (RF), which follows same concepts as other tree-
based models, but, instead of a single tree, RF produces multiple decision trees from the input
variables. The final result or decision is the outcome of an ensemble of all the trees (Heung et
al., 2016). RF is considered to be capable of handling large datasets (including numerical,
categorical, and noisy datasets), establishing non-linear relationships, and computing at a
faster speed (Khaledian & Miller, 2020). A hybrid approach of RF regression and kriging of
residuals has been performed in some of the articles including Hinge et al. (2018) and
Dharumarajan et al. (2021b). Other potential tree-based models include Boosted Regression
Tree (BRT) and cubist. An extension of the RF model is Quantile Regression Forest (QRF),
which has been adopted in several DSM studies in India (Dharumarajan et al., 2019, 2020b).
Artificial Neural Network (ANN) is also one of the robust ML methods for DSM. Three
layers of neurons viz. input neurons (predictors), hidden neurons, and output neurons (target
variable) form the major components of ANN. ANN is also capable of establishing non-linear
relationships among covariates and handling complex datasets (Khaledian & Miller, 2020).
Deep Learning (DL) techniques like Convolutional Neural Network (CNN) are improved
versions of neural networks used for DSM in the recent years. Support Vector Machine
(SVM) is another potential ML tool, which optimizes the hyperplane to avoid the overlap of
data between the non-separable classes (Heung et al., 2016). When used for regression, it is

termed as Support Vector Regression (SVR). RF has been used in 20% of the DSM articles in
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India, whereas other ML methods such as QRF (13%), ANN (7%), and SVM (4%) have been
used less frequently (Fig. 2d.). However, use of only single models for DSM by a majority of
86% of the articles create a major research gap. Only 14% of the articles have used multiple
predictive models, which is not enough to identify the competent models. Hence, there is a
need to consider multiple ML models for identifying the competent ones in terms of
prediction accuracy and robustness (Heung et al., 2016). Nevertheless, field experience of the
local pedologists should be linked with the mathematical modelling for strengthening the

decision-making process.

4.7. Evaluation approaches

Evaluation (validation) of the prediction maps is necessary to assess the level of accuracy and
uncertainty (Dharumarajan et al., 2020b). Minasny et al. (2013) have discussed three different
types of evaluation approaches viz. cross-validation, data splitting, and external validation
(independent validation). Data splitting technique involves splitting of the input dataset into
training and testing datasets, which are used for model calibration and validation,
respectively. Cross-validation refers to omitting one (leave-one-out method) or a subset (n-
fold cross-validation method) of observed values and the rest of the values are trained to
predict the omitted values for evaluation purposes. External validation needs independent
sampling (collecting additional samples) for evaluation purposes. In each case the
correspondence between observed and predicted values are compared using suitable metrics
for determining the prediction accuracy. This review identifies that 76% of the DSM studies
in India have adopted the data splitting technique for model evaluation. Cross-validation and
independent validation methods have been adopted in 19% and 5% of the articles,
respectively (Fig. 2e.). Lack of sufficient data points, requirements for extra effort, budget,
and time might have been the reasons for the fewer adoption of independent validation in

India. However, data-splitting technique is considered as an internal assessment unless and
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until the samples are collected using a probability sampling method (Brus et al., 2011). Also,
the evaluation estimates of cross-validation are often under-optimistic (Wadoux et al.,
2020a). Hence, independent validation is encouraged for obtaining unbiased error estimates
(Lamichhane et al., 2019). Coefficient of determination (R?), Concordance Correlation
Coefficient (CCC), and Root Mean Squared Error (RMSE) are some of the frequently
considered evaluation parameters in DSM. Accuracies can vary across soil properties, soil
depths, sample sizes, prediction models, and mapping strategies. For example, in DSM
studies in India, the R* for soil carbon is observed to be varying from 0.08 to 0.95 across
different articles (not presented in the table). Hence, suitable strategies need to be figured out
for obtaining soil maps with higher accuracy. Another research gap arises as 66% of DSM
articles in India have not presented the uncertainty maps (Fig. 2f.). Uncertainty maps are
necessary for reducing the risk of failure of projects as well as for convincing the funding
agencies for additional field works where map uncertainties are higher (Arrouays et al.,

2020a, 2020b).

5. DSM applications

In the recent years, DSM is considered as an essential tool for land resource management and
it has resulted in numerous DSM interventions across the world (Wadoux et al., 2020a).
Apart from the global initiatives like GlobalSoilMap and Global Soil Partnership, many
nations have initiated their DSM focus groups such as USDA-NRCS DSM focus team in
USA and OzDSM in Australia. Recently, USDA-NRCS has formulated an ambitious plan
viz. ‘Soils2026° to prepare legacy data based digital soil maps for the USA by 2026 at a 30m
resolution (Thompson et al., 2020). In Australia, DSM has already moved to an operational
stage, where digital soil maps are now used by the federal and state agencies for various real-
world applications such as land suitability classification and erosion assessments (Kidd et al.,

2020). Similarly, national digital soil maps in France have also been effectively used by
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different stakeholders including farmers for increasing SOC content of their farms,
governmental bodies for assessing site contaminations, private companies for selling
fertilizers, and farmer development organisations for irrigation management purposes

(Arrouays et al., 2020c).

DSM products in India can essentially be utilized for tackling two major issues of the country
viz. land degradation and food security (Dharumarajan et al., 2019). DSM is also an effective
tool for managing soil health, environment, natural resources, and different ecosystem
services (Sreenivas et al., 2014). National extent digital soil maps will be helpful in
delineating dominant soil types, suitable crop growing areas, affected lands, and management
zones for planning purposes (Dharumarajan et al., 2017). DSM based land capability classes
can guide policy makers and land use planners for adopting proper land use plans
(Dharumarajan et al., 2021c, 2021d). Spatial distribution of carbon stocks can be used for
identifying potential carbon sequestration zones, which holds relevance in terms of mitigating
climate change, global carbon management, and carbon trading (Dharumarajan et al., 2021a).
Assessments of land degradation, desertification, drought risk, and soil erosion could be
performed using DSM for designing suitable region-specific action plans (Arrouays et al.,
2014). DSM can also be targeted for supervising vast areas of problematic soils of the
country including acid soils, salt-affected soils, waterlogged areas, and degraded lands

(Mitran et al., 2021).

Fine resolution (<10 m) digital soil maps of hydraulic properties such as field capacity,
permanent wilting point, and infiltration rate can be employed for improving site-specific
agricultural water management by the farmers (Dharumarajan and Hegde, 2020; Santra et al.,
2021). Utilizing DSM for recommending site-specific (precise) nutrient recommendations to
the farmers are also of major interest for researchers, crop planners, and policy makers (Xu et

al., 2018b). However, better strategies might be required while mapping for nutrient elements
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in order to account for the small and marginal sized agricultural land holdings of the Indian
farms, diversified cropping systems, variable doses of nutrient applications, dissimilar
agronomic management practices, and non-static nature of nutrient elements. DSM in India
can also be potentially exploited for assisting the Soil Health Card (SHC) project
(https://soilhealth.dac.gov.in/) for rapid generation of soil health cards for the farmers.
Nevertheless, researchers all around the world can use the Indian digital soil maps for

research oriented modelling and simulation approaches.

6. Conclusion and outlook

Current alarming situations of land degradation and soaring food demand for the growing
population necessitate adoption of a fully-fledged DSM in India. In this paper, we have
systematically reviewed the common trends of DSM in India by gathering relevant
information from published peer reviewed journal articles, which have prepared digital soil
maps in India following SCORPAN approach. Only 35 publications have been published,
most of which are being limited only to a few parts of the country and only two national
extent DSM interventions have been carried out indicating that DSM is still at a primitive
stage in India. However, an increased number of publications from the year 2017 onwards
suggest that there is a growing interest for DSM in India over the past few years. DSM has
been performed at various mapping extents with very few fine resolution DSM attempts. But,
considering the small and marginal sized agricultural land holdings of the country, the future
DSM attempts in India should focus on preparing digital soil maps at fine spatial resolutions
(<10 m). As part of preparation of fine resolution maps, DSM efforts should also adopt
higher sampling density, optimized sampling strategies, and fine resolution RS products as
environmental covariates. Considering the vastness of the country, national extent DSM
might be challenging. Hence, strategic plans are needed to support the local level institutes

for performing state or agroclimatic zone based DSM using globally consistent models under

23



the supervision of national level institutes. Moreover, the scope of DSM needs to be
expanded to soil classes, GlobalSoilMap specified soil properties, and other locally relevant

target variables having importance for multiple sectors.

Previous soil surveys have generated huge legacy soil data for India, most of which are
available as printed books and reports. Lack of digitally downloadable harmonized soil
profile database is a major block to DSM in India. A national digital soil database is yet to be
developed with complete descriptions regarding source of soil information, sampling
strategies, date of collection, analytical methods, and legal framework under which they can
be utilized nationally and internationally. This requires a strong collaborative effort involving
different organizations such as NBSS&LUP, SLUSI, ISRO-NRSC, IIRS, Indian Institute of
Technologies (IITs), Indian Council of Agricultural Research (ICAR) institutes, Space
Applications Centre (SAC), State Agricultural Universities (SAUs), Regional Research and
Technology Transfer Stations (RRTTSs), Krishi Vigyan Kendras (KVKs), and other Non-
governmental organizations along with technological support from different internationally

focused organisations such as FAO and ISRIC.

Our review identifies that covariates representing relief, organism, and climate have been
used most frequently for DSM in India, whereas the use of other potential covariates such as
legacy soil maps, geology maps has been limited. Hence, future DSM should try to
incorporate more possible covariates under the SCORPAN domain with suitable feature
selection methods. RK has been the most frequently employed predictive model followed by
RF and QRF. However, only 14% of articles have included multiple prediction models,
which is insufficient to draw relevant conclusions regarding competence and robustness of
the predictive models. Hence, future DSM attempts are expected to include more numbers of
ML models for conducting comparative studies. This review also identifies that only 5 % of

articles have performed independent validation and a majority of 66% of articles have not
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presented the uncertainty maps. Therefore, improvements are also needed in terms of
evaluation strategies and communicating uncertainty maps to the end users. Besides
improving the technical aspects of DSM, sufficient training and workshops on geospatial soft
wares and coding skills can support extensive adoption of DSM in India. Nevertheless, an
Indian soil information system need to be developed to make all DSM products available at a
wide range of digital platforms including websites, web map services, mobile, and desktop
applications to reach all kinds of end users including the scientists and practitioners involved

with DSM in India and abroad.
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Table 1. An overview of DSM approaches in India

Sl Reference
No.
1 Krishnan et
al., 2007
2 Kuriakose et
al., 2009
3 Sarkar et al.,
2013
4 Sreenivas et
al., 2014
5 Tiwari et al.,
2015
6 Sreenivas et
al., 2016
7 Santra et al.,
2017a
8 Dharumarajan
etal., 2017
9 Xu et al.,
2017a
10 Xu et al.,
2017b

11 Mondal et al.,
2017

Year

2007

2009

2013

2014

2015

2016

2017

2017

2017

2017

2017

Location Geographical
(state) area (km?)
Goa 88,000
Kerala 9.5
West Bengal 330.35
Andhra 4,67,000
Pradesh and
Karnataka
Uttar Pradesh 189
Whole 3,287,000
country
Rajasthan 3,20,000
and Gujarat
Andhra 248
Pradesh
Telangana 4.65
Telangana & 10
Karnataka
Madhya 20,558
Pradesh

Mapping
extent”

Regional

Local

Local

Regional

Local

National

Regional

Local

Local

Local

Regional

SD
(number
of
samples
per km?)

0.0040

29.0

0.4000

0.0010

0.3000

0.0004

0.0003

0.5000

54.8

255

0.0102

Method of Maximum
sampling” depth of
sampling
(m)
L 0.3
R 3
R 4
StR 0.3
R 0.1
StR 1
L 2
R 0.3
StR 0.15
StR 0.15
StR 0.15

42

Target
variables®

SOC stock

Soil depth

Soil depth

SOC density

SOC

SOC density,

SIC density

Sand content

pH, EC, SOC

TN, Kex

Kex

SOC

Environmental
covariates

S+C+O+R+P

O+R

O+R

S+C+O+R

S+C+O+P

S+C+R

S+0O+R

O+R

O+R

S+0O+R

Prediction models
(Best model in
comparison
studies
underlined)?

MART
RK

(MLR+kriging)

MLR, RK
(MLR+kriging)

RF

ANN
RF
RK (RF+kriging)
RF
RF
RK

(MLR+kriging)

RK
(MLR+kriging)

Validation
approach
(uncertainty
maps prepared
or not in
parenthesis)

Data splitting
(No)

Data splitting
(Yes)

Data splitting
(Yes)

Data splitting
(No)

Data splitting
(No)

Data splitting
(No)

Cross
validation
(Yes)
Data splitting
(No)

Data splitting
(No)

Data splitting
(No)

Data splitting
(No)



12

13

14

17

18

19

20

21

22

23

24

Mitran et al.,
2018

Shukla et al.,
2018

Hinge et al.,
2018

Xu et al.,
2018a

Kalambukattu
etal., 2018

Okonkwo et
al., 2018

Xu et al.,
2018b

Gomez et al.,
2019

Mitran et al.,
2019

Dharumarajan
et al., 2019

Bhunia et al.,
2019a

Bhunia et al.,
2019b

Chhipa et al.,
2019

2018

2018

2018

2018

2018

2018

2018

2019

2019

2019

2019

2019

2019

Telangana
and
Karnataka

Uttar Pradesh

Assam,
Meghalaya,
Nagaland,
and Tripura

Karnataka

Himachal
Pradesh

Punjab
Telangana
Karnataka
Karnataka
Karnataka

(Location-1)
West Bengal

West Bengal

Uttarakhand

3,03,000

12,421

1,17,800

40

10

50,362

10

84

4,656

55.08

323.6

NA

0.4

Regional

Regional

Regional

Local

Local

Regional

Local

Local

Local

Local

Local

NA

Plot

0.0010

0.4000

0.0020

6.5

7.5

0.0007

255

1.5

0.0100

16.0

0.2

240.0

StR

StR

StR

43

0.3

0.5

0.15

0.15

0.2

0.15

0.15

0.15

0.2

0.2

0.15

0.3

Total carbon
stock

Soil class

SOC

TN

SOC and N

EC and pH

TN

Textural class

Sand, silt,

clay content

pH, EC, SOC

SOC

SOC

pH, EC, TOC

S+C+O+R+P

S+C+O+R+P+N

C+O+R+N

O+R+N

O+R

S+C+O+R

O+R

O+R

O+R

S+R

RK
(GWR+kriging),
RK
(MLR+kriging)

RF, CDT, CEB

RK (RF+kriging)

RF

ANN

ANN
RK
(MLR+kriging)
SVM
MLR & RK
(MLR +kriging)
QRF
MLR

MLR

RK
(MLR+kriging)

Data splitting
(Yes)

Data splitting
(No)

Data splitting
and
independent
validation
(No)

Data splitting
(No)

Data splitting
and
independent
validation
(No)
Data splitting
(No)

Data splitting
(No)

Data splitting
(Yes)

Data splitting
(Yes)

Cross
validation
(Yes)
Data splitting
(No)

Data splitting
(No)

Cross
validation
(No)



25

26

27

28

29

30

31

32

33

34

Bangroo et al.,
2020

Dharumarajan
and Hegde,
2020
Dharumarajan
etal., 2020a

Dharumarajan
et al., 2020b

Reddy et al.,
2021

Dharumarajan
etal., 2021a

Dharumarajan
et al., 2021b

Dharumarajan
etal., 2021c

Dharumarajan
et al., 2021d

Lalitha et al.,
2021

2020

2020

2020

2020

2020

2021

2021

2021

2021

2021

Jammu and
Kashmir

Andhra
Pradesh

Karnataka

Karnataka

‘Whole
country

Kerala and
Karnataka

Karnataka

Andhra
Pradesh

Karnataka

Andhra
Pradesh

261

1,62,000

1,91,800

3,655

3,287,000

56,763

1,91,976

1,62,000

97.8

160,205

Local

Regional

Regional

Local

National

Regional

Regional

Regional

Local

Regional

0.4000

0.0140

0.0300

0.0200

0.0005

0.0030

0.0279

0.0140

1.9325

0.0178

R & Gr

44

0.2

1.77

SOC, TN

Soil texture

Soil depth

pH, SOC,
clay, sand,
sand, silt,
CEC, FC,
PWP
Sand, clay,
pH, SOC

SOC stock

FC, PWP

Soil depth,
FC, PWP

Soil depth,
coarse
fragments,
soil colour,
pH, EC,
SOC, P, K, S,
Fe, Mn, Cu,
7Zn, B
Soil depth

O+R

C+O+R

C+O+R

O+R

C+R

S+C+O+R

C+O+R+P

C+0O+R+P

C+0O+R+P

C+0O+R

RK

(MLR+kriging)

RF
QRF, RK
(RF+kriging)

QRF

3D-RK

(MLR+kriging)

QRF

RK (RF+kriging)

MLR, SVM,
Cubist, RF

RF

QRF

Data splitting
(No)

Data splitting
(No)

Data splitting
(No)

Cross
validation
(Yes)

Data splitting
(Yes)

Cross
validation
(Yes)
Data splitting
(No)

Data splitting
(Yes)

Cross
validation
(No)

Data splitting
(Yes)
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2.5833 R 3 Clay content,
albedo, soil
horizon
thickness,
FC, PWP,

rock

fragments

aPlot: 0-1 kmz; local: > 1 km?>-10* kmz; regional: >10*-107 kmz; national: 3,287,590 km?

R: random, StR: stratified random, Gr: grid, L: legacy soil data

S+C+0O+R RK (RF+kriging), Cross
QRF validation
(No)

“SOC: soil organic carbon, SIC: soil inorganic carbon, EC: electrical conductivity, TN: total nitrogen, Kex: exchangeable potassium, N: available
nitrogen, CEC: cation exchange capacity, FC: field capacity, PWP: permanent wilting point, P: phosphorus, K: potassium, S: sulphur, Fe: iron,

Mn: manganese, Cu: cupper, Zn: zinc, B: boron

IMART: multiple additive regression tree, RK: regression kriging, MLR: multiple linear regression, RF: random forest, ANN: artificial neural
network, GWR: geographically weighted regression, CDT: CART (classification and regression tree) decision tree, CEB: CART ensemble
bagger, SVM: support vector machine, QRF: quantile regression forest

Table 2. Sources of the environmental covariates (other than field observations) used for DSM studies in India

Environmental covariate

Sources of environmental covariates

References

S Soil order, sub-order, great group, soil type, depth, texture,
drainage, gravelliness, physiography

Legacy soil maps from NBSS&LUP

Krishnan et al., 2007; Sreenivas et al., 2014, 2016;
Santra et al., 2017a; Mitran et al., 2018; Okonkwo
et al., 2018; Dharumarajan et al., 2017; 2021a,
2021b

Landform, soil order map at 1:50,000 cartographic scale

The Karnataka State Remote Sensing
Applications Centre

Lagacherie et al., 2022

C Temperature, precipitation, temperature seasonality, precipitation
seasonality, mean diurnal range of temperature, annual range of
temperature, isothermality, precipitation of the driest month,
precipitation of the wettest month

Worldclim data

Sreenivas et al., 2014, 2016; Santra et al., 2017a;
Mitran et al., 2018; Okonkwo et al., 2018; Reddy
et al., 2021; Dharumarajan and Hegde, 2020;
Dharumarajan et al., 2020a, 2021a, 2021b, 2021c;
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Mean annual temperature, mean annual rainfall, number of dry

months

Bioclimate map

Krishnan et al., 2007

Land surface temperature

MODIS data

Mitran et al., 2018

Precipitation, temperature

Indian Meteorological Department (IMD)

Hinge et al., 2018

Monthly precipitation and temperature

Climate change knowledge portal of the

World Bank Group and the open government

data platform of India

Shukla et al., 2018

Rainfall, air humidity, wind velocity, air temperature, precipitation,

and global radiation

Automatic weather station

Lagacherie et al., 2022

NDVI, EVI, LULC, NPP

MODIS

Sreenivas et al., 2014, 2016; Dharumarajan and
Hegde, 2020; Dharumarajan et al., 2017, 2019,
2020b, 2021a, 2021b, 2021c; Shukla et al., 2018;
Mitran et al., 2018; Hinge et al., 2018; Okonkwo et
al., 2018; Lalitha et al., 2021

LULC

LULC map prepared by NRSC

Sreenivas et al., 2014, 2016; Mitran et al., 2018;
Hinge et al., 2018

Band values, band ratios, NDVI, GSI

Landsat 8

Kalambukattu et al., 2018; Shukla et al., 2018;
Mitran et al., 2019; Bangroo et al., 2020;
Dharumarajan and Hegde, 2020; Dharumarajan et
al., 2020a, 2021a, 2021b, 2021c; Lalitha et al.,
2021

Band values

Sentinel 2

Dharumarajan et al., 2019, 2020b; Lagacherie et
al., 2022

Reflectance, IMI

Landsat 8, SAR data (RISAT-1, Sentinel-
1A), ALOS DEM

Shukla et al., 2018

BSI, spectral reflectance, band ratio, vegetation indices

WorldView-2, Pleiades-1A, Landsat-8

Xu etal., 2018a

Land cover Forest Map of South India Krishnan et al., 2007
Land use ASTER image Kuriakose et al., 2009
LULC Cartosat-1 and Resourcesat — 1 LISS-IV Sarkar et al., 2013

Command area

Irrigation atlas of India

Sreenivas et al., 2016

Agro-ecological regions

Agro-ecological regions of India map

Sreenivas et al., 2016

Band values and NDVI Resourcesat-2 Dharumarajan et al., 2017; Lagacherie et al., 2022
Landform World Soil Survey archive and catalogue Okonkwo et al., 2018
LULC GlobeLand30 Okonkwo et al., 2018
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R Elevation, slope gradient, slope aspect, slope length, slope angle, SRTM DEM
plan curvature, profile curvature, TPI, TWI, TRI, L-S factor,
MrRTF, MrVBF, flow accumulation, hill shade, channel network
base level, convergence index, cross-sectional curvature,
longitudinal curvature, relative slope position, valley depth, vertical
distance to channel network

Krishnan et al., 2007; Dharumarajan and Hegde,
2020; Dharumarajan et al., 2017, 2020a, 2020b,
2021a, 2021b, 2021c; Santra et al., 2017a; Mitran
et al., 2018; Hinge et al., 2018; Reddy et al., 2021;
Lalitha et al., 2021

Elevation, aspect, flow accumulation, flow direction, slope ASTER DEM Xu etal., 2018a
Slope, elevation, aspect, CTI, slope, curvature ALOS DEM Shukla et al., 2018
Elevation, slope, aspect, general curvature, distance from the Cartosat DEM Sarkar et al., 2013; Okonkwo et al., 2018;

stream, flow direction, plan curvature, profile curvature,
northeastness, northwestness, TPI, TWI, CTI, SPI, STI, MrVBF,

Kalambukattu et al., 2018; Chhipa et al., 2019;
Mitran et al., 2019; Dharumarajan et al., 2019;

MrRTF Bangroo et al., 2020; Lagacherie et al., 2022
P Geology (rock type) Geological Survey of India Krishnan et al., 2007; Sreenivas et al., 2016;
Mitran et al., 2018
Lithology and geomorphology The Karnataka State Remote Sensing Dharumarajan et al., 2020a, 2021b
Applications Centre
Lithology Andhra Pradesh State Remote Sensing Dharumarajan et al., 2021c

Applications Centre

(DEM: digital elevation model, NDVI: normalized difference vegetation index, EVI: enhanced vegetation index, LULC: land use land cover, GSI: grain size index, NPP: net
primary productivity, IMI: integral moisture index, BSI: bare soil index, TPI: topographic position index, TWI: terrain wetness index, TRI: terrain ruggedness index, STI:
sediment transport index, MrRTF: multi-resolution ridge top flatness, MrVBF: multi-resolution index of valley bottom flatness, CTI: compound topographic index, SPI:

stream power index)
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Highlights

e Indian soil scientists have paid more attention to digital soil mapping recently.
e Two out of 35 articles conducted national extent digital soil mapping in India.
e Environmental covariates have been used most frequently.

e Regression kriging has been the most frequently used predictive model.
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