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Total land suitability analysis for rice and potato
crops through FuzzyAHP technique in West
Bengal, India

Chiranijit Singha?, Kishore Chandra Swain?, Satiprasad Sahoo?, Hazem Ghassan Abdo®*,
Hussein Almohamad®*, Ahmed Abdullah Al Dughairi* and Jasem A Albanai®

Abstract: A total land suitability analysis was carried out through FuzzyAHP tech-
nique for rice and potato crops in West Bengal, India. Around 21 most relevant crop
suitability parameters were selected and classified under five primary criteria, such
as terrain distribution parameter, static soil parameter, available soil nutrient,
agriculture practice parameter, and local variation parameter for the study. The
factors such as NDVI and SAVI values were estimated from Sentinel 2B images in
“SNAP” toolbox software environment, whereas soil nutrients were estimated
through standard laboratory methods. Individual parameter weights were assigned
through the FuzzyAHP technique for sub-criteria as well as for primary criteria. The
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final crop suitability map was developed showing nearly 20% of the total area as
highly suitable for rice crop, whereas nearly 39% of the area was found suitable for
the potato crop. Comparing the prediction map with yield distribution, it was found
that the southwest region of the study area is very suitable for both rice and potato
crop with higher crop yields in the range of 5 t/ha and 20 t/ha, respectively. Six
different machine learning models, namely random forest, support vector machine,
AdaBoost, extreme gradient boosting, logistic regression, and naive Bayes, were
utilized for validation of the suitability maps. The support vector machine (SVM)
learning model with the highest AUC (~80%) was found efficient for testing both rice
and potato crop suitability. The economic status of farmers can be rejuvenated by
selecting the best crop rotation through land suitability analysis.

Subjects: Agriculture & Environmental Sciences; Soil Sciences; Earth Sciences

Keywords: total land suitability; FuzzyAhp; environment; GIS; Sentinel 2B

1. Introduction

Agriculture, having a contribution of 17% of the Indian GDP, plays very important roles in ensuring food
security and stabilizing rural economy of the country. Population explosion, urbanization, industrializa-
tion, and climate change could negatively impact the natural resources and crop production (Jain et al.,
2020; Lopez-Blanco et al., 2018). It is also widely believed to attend the food security through the
development of sustainable agriculture. Land suitability analysis (LSA) can help to update the decisions
that are made concerning the practice of rural land (Khan et al., 2022; Park et al., 2011). LSA stabilizes the
soil ecological and biophysical mechanism and improves land productivity (Everest et al., 2021; Gyekye
et al,, 2021; Mugiyo et al., 2021). In developing countries, rice has been a staple food along with what.
Nearly, 90% of the world’s rice production comes from wetlands in Asia. India is the second-largest
producer of the rice in the world and also the largest rice exporter. From FY 1980 to FY 2020, the
production of rice has increased from 53.6 million tons to 120 million tons (Agricoop India, 2020). On the
other hand, potato is consumed and cultivated all over the world. Leading states producing potato in
India are Uttar Pradesh, West Bengal, Bihar, etc., where potato is grown in the winter season.

The AHP is designed to provide a comprehensive analysis of the various factors that affects the
decision-making process for choosing the best farming practices (Ozkan et al., 2020; Rodcha et al., 2019).
The AHP is a pair-wise comparison method that is utilized to estimate the overall weight of each of the
selected criterion or element. Integration of the AHP and GIS techniques assists in decision-making by
creation of suitability maps (Das et al., 2017; Eastman et al., 1995). Perveen et al. (2008) used AHP with
GIS for land suitability evaluation of wheat-cultivated irrigated fields in Haripur Upazila, Bangladesh
considering relevant biophysical variables such as soil texture, soil moisture, soil drainage, soil depth, soil
pH, soil organic matter, slope, land type, and supplementary water resources (Pandey et al,, 2011).
Shaloo Singh et al. (2022) used the GIS-AHP method with multiple geo-environmental factors in assisting
the cereal crops’ suitability study in Haryana, India. Amini et al. (2019) implemented the ensemble fuzzy-
AHP-GIS technique for rice suitability evaluation in Iran. The topographical, climatological and soil
factors are the most important input parameters for a building GIS-AHP-fuzzy set model for crop
suitability mapping (Dengiz, 2019; Everest & Giir, 2022; Jamil et al., 2018; Kahsay et al., 2018; Mandal
et al., 2020; Pilevar et al., 2020; Singha et al., 2020; Tashayo et al., 2020). Debesa et al. (2020) demon-
strated the elevation, rainfall, and temperature are the most influential factors that affect the area’s
potential to yield high-quality cereals-based physical land suitability analysis in South-West Ethiopia.
They are utilized a multi-criteria evaluation technique and a GIS-RS-based approach to evaluate the land
suitability of the various crops (wheat, teff, maize, and barley) in the study region. The results of the
evaluation revealed that the total area which includes 20.34% is highly suitable for all types of cereals. In
another study, the GIS-based Multi-criteria system revealed that from the total areq, 0.51% and 77.42%
are highly suitable and moderately suitable for both barley and wheat crops in Ethiopia region (Yohannes
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& Soromessa, 2018). In this study, temperature, erosion hazard, soil texture, and depth were identified
as limiting factors for crop land suitability analysis.

Sarkar et al. (2022) utilized the weightage of the 18 criteria through the FuzzyAHP method for
identified the areas that are suitable for paddy cultivation in West Bengal, India. The results of the
evaluation revealed that 14.54% and 46.07% of the study region have the potential to highly
suitable and moderately suitable for paddy suitability. The AUC value (86%) of the FuzzyAHP
method is a confirmation of its reliability in LSA.

Integrated RS-GIS-AHP technique estimates land suitability for potato crop in Amazonas region
with the help of various socioeconomic and biophysical input factors (Trigoso et al., 2020). The
Saaty’s AHP coupled with the GIS-RS has been extensively used in potato land suitability study
(Keshavarzi et al., 2020). Trapezoidal FuzzyAHP method integrated with GIS accomplished nearly
90.16% accuracy for cash crop suitability mapping in Thailand (Rodcha et al,, 2019; Singha &
Swain, 2016). The increasing status of level of farm mechanizations has been a vital factor for
higher crop output and better profit margin from a farm. The major factors for better farm
mechanization include the availability of credit, the farmer’s experience, and the government’s
support services (Ghosh, 2010). Farm mechanization can also assist in optimizing the use of
natural resources required for growing crops in the farm (Seyedmohammadi et al,, 2019). The
decision to adopt a farm practice management system can also be influenced by various factors of
status of farm mechanization, such as the farmer’s household characteristics, farm biophysical
characteristics, and financial and local management factors (Baumgart-Getz et al., 2012). One of
the most widely used techniques in agriculture science is multi-criteria-based decision making,
which involves in using an ensemble Geographic Information System (GIS), Remote Sensing (RS),
and a computer to perform LSA (Kumar et al., 2020). Various literature described remote sensing
techniques successfully used to monitor crop yield, soil nutrient status, soil moisture, crop health,
and cropland use management (Magri et al., 2005; Pasqualotto et al., 2019). Fine spatiotemporal
Sentinel data have greater potentiality for crop phenology, moisture stress, yield estimation, and
cropland acreage at the field level (Ali & Aboelghar, 2019; Son et al., 2020). Baroudy et al. (2020)
designed a novel method for land suitability based on soil quality indicators and Sentinel-2 RS
derived NDVI data, to evaluate the rice suitability map in Nile Delta. GIS along with RS can easily
compute the soil scheme-based LSA for low land rice in Ghana region. The artificial intelligence-
based architecture has better accuracy compared to a traditional statistical algorithm for crop
yield prediction on a local to global scale, in recent times (Rado¢aj & Jurisi¢, 2022; Whitmire et al.,
2021). Various reviews showed that crop LSA concerning with many multicriteria evaluation
techniques, i.e., order performance by similarity to ideal solution (AHP, Rashidi & Sharifian, 2022)
(TOPSIS, Bagherzadeh & Gholizadeh, 2016), analytical network process (ANP, Mohammadi et al.,
2015), maximum entropy (MaxEnt, Estes et al, 2013), simple additive weighting (SAW,
Seyedmohammadi et al,, 2018), artificial neural network (ANN, Jiao & Liu, 2007; Pourkhabbaz
et al, 2014), criteria important through inter-criteria correlation (CRITIC, Mishra et al, 2021),
genetic algorithm methods (Hamzeh et al., 2016), adaptive neuro-fuzzy inference system (ANFIS,
Houshyar et al., 2017), and hybrid neural-fuzzy model (Dang et al., 2019), was used for socio-
ecological development at individual farm level. Multi-criteria evaluation technique along with
machine learning can work as a great tool for LSA (Suruliandi et al., 2021). The FuzzyAHP technique
will act as guideline for estimating overall suitability of land for particular crops as all possible
parameters were included in the study.

The current study proposed the alternative FuzzyAHP models to support farmers’ adoption of
suitable farm management practice among smallholder rice and potato producers in Hooghly,
West Bengal, India. The total land suitability scheme integrates the GIS-RS-FuzzyAHP weightage
technique and field yield data to evaluate LSA for rice and potato crops, utilizing topographical,
soil, climatic, and socio-economic parameters.
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Figure 1. Study area location.
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2. Materials and methods

2.1. Field description

The study was accomplished for Gangetic-alluvial plain in the southern part of West Bengal at
Tarakeswar Block, Hooghly district, West Bengal, India, covering approximately 300 ha. The study
area is bounded by the coordinates 2,528,500 to 2,530,600 N-latitude and 604,500 to 606,500
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E-longitude (45 Zone in UTM m WGS84,) and at the altitude of 40 m above mean sea level
(Figure 1). The study area is come under tropical monsoon type climate. The seasonal mean
temperature fluctuates between 15°C and 29°C, and annual rainfall is 1200 mm and 1700 mm.
There are two main soil groups in the area, namely loamy type (48%) and sandy loam (32%), which
reaps high productivity from rice and potato crops (IRRI, 1985). Additionally, the study area has
some imitating factors, such as acidic soil, low organic carbon, and high electrical conductivity
(Rado et al., 2020; Singha & Swain, 2022). So, intensive LSA study is required for long-term
sustainability of agricultural crop growth and management in the study area.

2.2. Selection of evaluation criteria

According to FAO guidelines and the expert’s opinion on decision-making for rice and potato cultiva-
tion, five main criteria were selected composed of 21 sub-criteria. The five main classes are I) terrain
distribution parameters (TD): normalized vegetation index (NDVI), saturated vegetation index (SAVI),
temperature, precipitation, slope, and elevation, II) static soil nutrients parameters (SP): soil texture
(ST), soil pH, organic carbon (OC), and electrical conductivity (EC), III) available soil nutrient parameters
(AS): available potassium (K), available nitrogen (N), available phosphorus (P), and available zinc (Zn),
1V) agricultural practice parameters (AP): seed rate, mechanization level, irrigation frequency, and
pesticide rate, and) local variation parameter (LV): farmer financial status, pest affected, source of
irrigation, and use of FYM. These parameters were selected based on previous literature as well as their
importance on growing the crops, such as rice and potato.

2.3. Soil sampling and laboratory analysis

Soil surveys were conducted in the study area from 2019 to 2020 after harvesting of the crops.
Direct field information was collected through questionnaire followed by soil sample collection at
different locations to obtain plot level readings. Soil samples were collected at a depth of 0-30
centimeters (Soil Survey Staff, 1993) based on expected root zone depth. The location information
of the soil samples was also recorded using a handheld GPS receiver (e-trex 20 Garmin receiver).

The 70 soil samples that were collected during the survey were air-dried and crushed. They were
then passed through a 2-mm sieve to retain the fine material. Various soil chemical properties
were analyzed including the pH level of the soil with pH meter, available nitrogen by the Kjeldahl
process (Subbaiah & Asija, 1965); available phosphorus (P) by Olsen system (Olsen et al.,, 1954);
SOC estimation through Walkley and Black method (Walkley & Black, 1934), available zinc estima-
tion through PerkinElmer Atomic Absorption Spectrophotometer utilizing the DTPA technique, etc.
The USDA triangle system was implemented for estimation of soil texture through the values of
sand (>50 pym), silt (2 to 50 ym), and clay (<2 um) in percentage.

2.4. Image processing

The cloud-free Sentinel-2B MSI ground range detected scenes (10 m spatial resolution, 5 days tem-
poral resolution, orbit no 3205 and 290 km field of view) were acquired from Copernicus open access
hub (https://scihub.copernicus.eu) during peak vegetative and heading stages (17 October 2019 for
rice and 1 February 2020 for potato). The preprocessing steps of Sentinel-2B image includes calibra-
tion, atmospheric correction, cloud masking, and clipping using Sentinel application platform (SNAP
Tools v8.0) in Google Earth Engine platform. Sentinel-2B derived NDVI and SAVI indices have been
extensively utilized for crop growth monitoring and mapping applications (Sitokonstantinou et al.,
2018). The unsupervised classification was carried out along with NDVI estimation for each rice farm
plot (Equation 1). NDVI analysis revealed that the agricultural cropping area existed within the range of
0.45 to 0.57 index value in the study area. SAVI analysis for both the crops in the study area was also
carried out. The formulas used for the estimations are as follows (Equation 1 and Equation 2.

NIR — R

NDVI =N +R

(1)
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NIR —R
SAVI = 1.5*m (2)

where R ~reflectance values of red (band &), NIR~ reflectance values of near-infrared (band 8).

2.5. FuzzyAHP analysis for rice and potato land suitability evaluation

The fuzzy set theory was used to develop the FuzzyAHP (FAHP). Its members have knowledge
about the various functions of fuzzy membership (Ling, 2007, Eqs.3-7). The value of the standardi-
zation sub-function is determined by taking into account the degree of fuzzy membership (FMFs).
By incorporating FMFs, the sub-criteria’s value will be changed to a range of 0-1, which ensures
that every criterion’s value matches.

1 X = Xg

e The impulsive membership function : yA(x)E{ 0 otherwise

3)

o4+l xo—-a<x<xo
o Triangularfuzzymembershipfunction : s (x)=q %% +1 Xxo <x< xo+b (4)
0 otherwise
where a,b >0
1 X > Xo
e Right — sided trapezoidal fuzzy membership function : us(x)=9 *2¢+1 X0 —a < x< Xo (5)
0 otherwise
where a > 0
1 XxX<Xp—a
o Left — sided trapezoidal fuzzy membership function :u,(x)=¢ 2% xp—a < x < Xo (6)
0 otherwise
where a > 0
. . . _(xx)?
e Gaussian fuzzy membership function : u,(x) =e 22 (7)

These include the ability to compute any number in the interval between 0 and 1 (Tahria et al,,
2022). Here “F” can be demarcated with a fuzzy set number (FN) as follows (Equation 8).

F={(x,uF(x)),x € R} (8)

Table 1. The fuzzy linguistic parameters for LSA

Variable importance Description TFN value Reciprocal of fuzzy
values
1 Equally important (1,1, 1) (1,1, 1)
3 Very strong importance (2,3, 4) (1/4, 1/3, 1/2)
5 Strong or essential (4,5, 6) (1/6, 1/5, 1/4)
importance
7 Moderate importance (6,7, 8) (1/8, 1/7, 1/6)
9 Equal importance 9,9,9) (1/9, 1/9, 1/9)
2,4,6,8 Intermediate values (7,8,9), (5,6,7), (3,4, 5), | (1/9,1/8, 1/7), (1/7, 1/6,
(1,2, 3) 1/5), (1/5, 1/4, 1/3), (1/3,
1/2, 1)
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where x denoted a real number within -eo< x < +eo and R represented a universal set of the real number
UF(x) within a membership function. pF(x) denoted a degree of membership between 0 to 1.

The FAHP was constructed using the hierarchical construction, which takes into account the
multiple sub-criteria and criteria. Prioritization was carried out; the values of the pairs were
compared with the values of the criteria. Each criterion was then specified by a FN value
(Table 1), which then led to the identification of the membership function (Mallick et al., 2019).
The FAHP process employed by comparing the values of the pairs in the hierarchical model. The
triangular fuzzy numbers (TFN) are then used to carry the values of the criteria in the construction
(Equation 9). These values can then be used to perform a rice and potato land suitability analysis
(Wijitkosum, 2018).

XL xe[l,m]
u(xo) = { X4 x € [m, u] (9)

0, otherwise

where | £ m £ u. If I=m=u, the FN gets a crisp number. Succeeding, observation could state an
area <l or >u, this value (m) not used within the modal value (Chang, 1996).

TFN is implemented in a pair-wise comparison matrix A (a;) which could be designed by

Equation 10
(1,1,1) (2, M u1p) ... ... .. (l1n, M1n,U1n)
(la1,ma1,u21(1,1,1) ... (lan, Man Uzn)
A= (aij)nxn = (10)
(lnls mnl.unl) (an-, mnz,Unz) cee -(17 17 1)
& ' = (1/uy, 1/myly) (12)
=1, ..... nandi#j

The third step includes the eigenvalue estimation and matrix (A) creation which finalizes the vector
X equation (13)

AX = X (13)

where A denoted the nxn matrix which also comprises of (dij) FNs. X represented a nonzero
eigenvector, 1 X n in size, and comprehending Xi of FN. “|” denoted a scalar number (Wang & Luoh,
2000). The next step involves identifying the consistency ratio (CR) of the pairs in the comparison
matrix. This is done by comparing the values of the pairs with the fuzzy (Eq.14).

CR=CI/RI (14)
and CI represented the consistency index (Eq.15)
CI = (Amax —n)/(n—1) (15)

where Anqx signifies the highest consequence from Equation 9 and n specifies the size of the
matrix. Random index (RI) is the weights derived from matrix (n) and its evaluation with the fuzzy
number which are agreed with CR value (<0.1) (Saaty, 1980).,

The TFN A characterized as a trio (al; a2; a3) are defuzzified derived from the Yager estimation
(Eq.16).def(
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Figure 2. Steps of LSA model for
rice and potato crop.

The scheme of total land suitability analysis for rice and potato crop
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[ Standardized criteria map H Weighted linear combination ]——' ﬂtiﬂw__

(@2 —al)(al+2/3(a2 —al) + (a3 — a2)(a2 4 1/3(a3 — a2))

def(A) = (@2 —al)+ (a3 —a2) (16)
where modalvalue : def (A) = a2 (17)
modal value dominancy : def(A) = (a1 + a2 + a3) = 6 (18)
mean : def(A) = (a1+a2+a3) =3 (19)

The fuzzy linguistic parameters used in the pairwise comparison were then defined for each level
of preference (Table 1). The ability of the FAHP to merge different types of data was also used to
perform a simultaneous comparison of two parameters to classify rice and potato LSA.

2.6. Methodological framework

The study area was surveyed during the planning phase for the analysis of total LSA. Through the use of
informal discussions and key informative interviews, the researchers were able to locate an homoge-
neous farming zone. The resulting map of total LSA may be used to develop a comprehensive repre-
sentation of the crop status estimation parameters. The current study was to develop a LSA model that
would represent the various steps that affect the production of rice and potato (Figure 2). The resulting
map of total land suitability was then used to develop a comprehensive representation of the crop status
estimation parameters using the Inverse Distance Weighting (IDW) method.

The study was performed in four phases: I) data collection and database formation, I1I) FAHP
application, III) rice and potato crop estimation status, and IV) finally, the crop land suitability maps
validation with six different machine learning techniques. The criteria for the study were then set up in
five hierarchical levels. The main group of criteria that were used for the LSA evaluation included the
various factors, namely terrain distribution parameters, static soil parameters, available soil nutrients
parameters, agricultural practice parameters, and local variation parameters. Soil parameters are also
important to consider in the multi-criteria analysis of total land suitability. After collecting and
analyzing the various parameters based on experts/reviewers’ opinion, the researchers were able to
come up with a total of 21 sub-criteria that were used for the LSA evaluation. Suitability for the main
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Table 2. LSA for the suitability ranges of rice crop

Suitability class and ranges

Land quality Unit Highly, Moderate, | Marginal, (S3) | Not Suitable,
parameters (S1) (S2) (N)
Terrain distribution parameter
NDVI level >0.55 0.40-0.55 0.25-0.40 <0.25
Temperature oc 25-35 20-25 15-20 <15
Precipitation mm 250-400 200-250 100-200 <100
Slope degree <10 10-30 30-50 <50
Elevation mt <50 50-100 100-150 >150
Static soil
parameters
Soil texture (ST) Class silty clay loam, | clay loam, silt sandy loams, sands. loamy,

silty clay, clay loam, sandy clay loam, sands

clay, loam sandy,
silt
Soil pH level 6.0-7.5 7.5-8.0, 8.0-8.5 <4.0, >8.5
4.5-6.0 4.0-4.5

Electrical (dS/m) <3.0 3.0-4.0 4.0-5.0 >5.0
conductivity
(EQ)
Organic carbon % >1.0 0.66-1.0 0.33-0.66 <0.33
(00)
Available soil nutrient parameters
Available ppm >30 20-30 10-20 <10
nitrogen (N)
Available ppm >50 25-50 10-25 <10
phosphorous (P)
Available ppm >60 45-60 30-45 <30
potassium (K)
Available zinc ppm >1.5 1.0-1.5 0.5-1.0 <0.5
(Zn)
Agricultural practice parameters
Seed rate level Recommended Low or high Very high Very low
Mechanization level >12 10-12 8-10 <8
Level
Irrigation level >7 6-7 5-6 <5
frequency
Pesticide rate level Recommended Low or high Very high Very low
Local variation parameters
Farmer financial Rs/m >10000 5000-10000 2000-2500 <2000
status
Pest affected level high moderate low
Source of type Permanent Temporary
irrigation
Use of FYM t/ha >5 4-5 3-4 <4

criteria was estimated by combining corresponding sub-criteria in terms of their suitability ranges and
FAHP weights. The resulting map of total land suitability was then used to combine the various primary
parameters that were used for the LSA evaluation. The weights of these parameters were then used to

determine the relative importance of each land unit.
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Table 3. LSA for the suitability ranges of potato crop

Land quality
parameters

Unit

Suitability class and ranges

Highly, (S1) Moderate, Marginal, (S3) | Not Suitable,
(S2) (N)
Terrain Distribution parameter
SAVI level -0.596431 - -0.528828 - -0.477321 - -0.434398 -
-0.528828 -0.477321 -0.434398 -0.322799
Temperature oc 16-25 26-30, 31-32, >32,
13-15 10-12 <10
Precipitation mm >1,000 800-1,000 600-800 <600
Slope degree <10 10-30 30-50 >50
Elevation mt <50 50-100 100-150 >150
Static soil parameters
Soil texture (ST) Class sandy clay loam, silt, clay, loamy sand,
loams, sandy clay, fine sand
sandy clay loam silt loam, silt
clay
loam
Soil pH level 6.0-7.0 5.0-6.0, 4.5-5.0, <4.5,
7.0-7.5 7.5-8.0 >8.0
EC (dS/m) <4 4-6 6-8 >8
ocC % >0.7 0.5-0.7 0.3-0.5 <0.3
Available soil nutrient parameters
Available ppm >55 35-55 20-35 <20
nitrogen (N)
Available ppm >11 8.0-11 5.0-8.0 <5.0
phosphorous (P)
Available ppm >55 35-55 15-35 <15
potassium (K)
Available zinc ppm >1.2 0.8-1.2 0.4-0.8 <0.4
(Zn)
Agricultural practice parameters
Seed rate level Recommended Low or high Very high Very low
Mechanization level >12 10-12 8-10 <8
Level
Irrigation level >7 6-7 5-6 <5
frequency
Pesticide rate level Recommended Low or high Very high Very low
Local variation parameters
Farmer financial Rs/m >10000 5000-10000 2000-2500 <2000
status
Pest affected level high moderate low
Source of type Permanent Temporary
irrigation
Use of FYM t/ha >5 4-5 3-4 <4

Source: Swain and

Singha (2018)

2.7. Data collection and database formation
The total LSA status of a region is defined by various parameters and indices which may include
technical, economic, ergonomic, environmental, and cultural aspects of agricultural farm mechan-
ization (AFM) resulting in the decision-making process. Each parameter is divided into four
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suitability classes, such as highly suitable, (S1); moderately suitable, (S2); marginally suitable, (S3);
and not suitable, (N) (Tables 2 & 3; Figure 2).

2.7.1. Terrain distribution parameters

The presence of various terrain features is important to consider in the multi-criteria analysis of
total LSA. It can help determine the optimal cropping area and the variety of crops that are grown.
Besides these, other factors such as the slope and elevation were additionally taken into account
to analyze the contribution of these factors to LSA (Otgonbayar et al., 2017). Terrain distribution
parameters had six sub-criteria such as NDVI, SAVI, precipitation, temperature, slope, and eleva-
tion. The precipitation along with slope and elevation decides the runoff and erosion rates. The
vegetation index (NDVI and SAVI) is also used to analyze the various biophysical properties to
determine the optimal crop productivity in the study area (Mostafiz et al., 2021; Purnamasari et al,,
2018). The various agro-climatic factors that can affect the growth of certain plants have been
identified as the quantitative link between the plant’s environment and its physiological processes.
One of the most important factors that can affect the development of plants is the availability of
adequate precipitation and temperature (Kondhia et al., 2015). In this study, the elevation and
slope map were produced from the shuttle radar topography mission (SRTM) DEM product through
the GEE platform. The 20-year (2000-2020) Modern-Era Retrospective analysis for Research and
Applications (MERRA v2.0) was used for developing the rainfall and temperature map with the help
of IDW method in ArcGIS software.

2.7.2. Static soil parameters

The static soil parameter included pH, EC, OC, and ST parameters having significant influence on
crop growth and crop yield. Mendas and Delali (2012) created a wheat land suitability map using
the static soil parameters through the MCE-based GIS technique.

2.7.3. Available soil nutrient parameters

Available soil nutrients parameters had four sub-criteria, such as available N, P, K, and zinc. All soil
parameters’ distribution maps were then produced by assigning the score into four suitability
classes. The reclassification of the aforementioned soil parameters was carried out by the FAHP
weightage using natural Jenks mechanism through the ArcGIS software environment. In the LSA,
the four suitability classes were named as S1, S2, S3, and N based on crop requirements.

2.7.4. Agricultural practice parameter

The modernization of farm activities is determined by a set of inter-related agricultural practices.
In our study, agricultural practice parameters had five sub-criteria, such as seed rate, irrigation
management, mechanization level, drainage status, and pesticide rate. The mechanization in
agriculture has been a vital factor which contributes to the development of productive and profit-
able farming operations (Ghosh, 2010). Increasing land and labor efficiency by reducing the
drudgery in farming operations brings in more land under cultivation, which saves energy and
resources (seed, fertilizer, and water) for sustainable agricultural production (Lak & Almassi, 2011).
The rate of seeding and pesticides are generally decided by the experts. Sometimes, the farmers
vary the rates based on their observation of seed quality and the emergence of pests.

2.7.5. Local variation parameters

Local variation parameters had four sub-criteria, such as pest affected, FYM uses, source of irrigation,
and farmer economic condition. The factors such as the lack of training and rural infrastructure are
hindering the development of these regions’ risk-prone conditions (Islam et al., 2018). However, these
factors were not directly included in the study. Behzad et al. (1992) reported that cow manure is the
best alternative for organic matter application in the field to improve soil health status. Antunes et al.
(2011) stated that the multi-criteria analysis could be used to determine the current state of the
irrigation methods utilized by farmers. It was also used to identify the appropriate irrigation alter-
natives for each crop.
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2.8. Crop status estimation parameters

The final crop status estimation could be carried out taking the suitability zone of all primary criteria
suitability estimation. Before the final LSA map generated, it is important that the criteria for each
mapping unit be identified and synchronized. For instance, a score of 1 means that the region is highly
favorable while a score of 10 means that it is unfavorable. Total LSA is an evaluation and decision-
support system developed by relating numerous biophysical and geo-environmental factors (Nigussie
et al., 2019). The all-data layers that were used in the mapping process were categorized according to
their degree of favorability. This process was then used to establish the suitability ranges of the rice and
potato crop status estimation parameters. The five main parameter maps were then reclassified into
four LSA suitability zone. These maps were then used to establish the final rice and potato crop
estimation maps with four suitability ranges, namely S1, S2, S3, and N (Table 1 and Figure 2). The weight
assigned to the various data layers in the mapping process was based on their relative importance.
Through the pairwise comparison process, the criteria were assigned to their respective weights. The
weights of these layers were then computed using the FAHP process. The total crop estimation status
was then computed by taking the calculated weights of all the primary criteria and adding it to the
spatial modeling environment of the LSA through the ESRI GIS package.

2.9. Validation

The current study result was validated with ground field-based crop yield data through six
different machine learning (ML) models, namely random forest, support vector machine,
adaBoost, extreme gradient boosting, logistic regression, and naive Bayes (Ilyas et al., 2023).
The farm-based yield data are divided into two parts: training~70% and testing~30%. The
validation result is measured by the area under the curve (AUC) with a true positive rate (high
suitability as “1”) and a false positive rate (low suitability as “0”) with binary level of the
probability for crop suitability level. All the ML 10-fold validation analysis was used by the python
Jupyter Notebook v6.4.5.

* Random forest: The concept of the random forest technique involves combining the two compo-
nents of tree classification: the regression and the classification. It can then be used to create
groups of individuals that are homogeneous. The method utilizes a binary split method to achieve
this. The average of the final tree output of the RF technique is then used at each node. The auxiliary
variables used in the split are then utilized at each node (Taghizadeh-Mehrjardi et al., 2020).

+ Support vector machine: The support vector machine can be used to perform various types of kernel
mechanism, namely sigmoid, linear, polynomial, and radial basis with numerous operations, such as
classification and regression (Drucker et al., 1997). It can transform the data into a high-dimensional
representation of the feature space (Cortes et al., 1995).

AdaBoost: The AdaBoost techniques take into account the training samples’ weighted factors and then
generate a classification configuration that takes into account the training dataset events. The weights
used in the adaBoost classification configuration are standardized for every training instance. A new
subset is then generated to develop the next model-based model (Arabameri et al., 2020).

+ Extreme gradient boosting: The XGBoost technique is built on the gradient boosting principle, which
combines the predictions of several weak lean models for developing a robust training strategy. It
requires a set of parameter selections to perform its operations (Sahin, 2020).

* Logistic regression: It is a type of multivariate analysis that takes into account the various indepen-
dent factors and then produces a dichotomous one (McFadden, 1973). This method can be per-
formed on various scales with the binary composition. The exact relationship between the
independent and the dependent variables is not known.

* Naive Bayes: The Bayes’ theorem is commonly used to classify systems (Soria et al., 2011). This type

of classification is relatively easy to implement and is ideal for various applications. One of the main

advantages of this method is that it doesn’t require any complex parameter estimation techniques.

The robust and irrelevant NB method also helps minimize the noise.

3. Results

Current research showed the integration of GIS-FAHP techniques to weigh the various criteria and sub-
criteria for the analysis of potato and rice total land suitability. Then the most important factors that
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were selected for the evaluation were then filtered out using the FAHP matrix (Tables 4 & 5). The different
parameters that were used in the mapping process were then calculated based on the requirements of
two major crops, namely, rice and potato. The weight of each criterion was then added to the mapping
process to perform the total crop estimation status analysis. The use of GIS to match the suitability of
different land utilization types was carried out based on the crop requirements. The various land quality
parameters were then integrated using a sequence of map algebra operations. The resulting maps were
then generated using the IDW method in the mapping software, ArcGIS.

3.1. Terrain distribution (TD) parameters

3.1.1. Rice

Aside from the physical factors, the decision-making process related to the land use can also be
influenced by various factors that affect the production of crops. For instance, the terrain distribu-
tion parameters can play a significant role in limiting the production of certain types of crops.

The CR value of the TD parameters was <0.01 for rice crop. The weightage value of the NDVI
parameters was highest at 0.395 and the lowest at 0.068 (elevation). This indicated that the total
LSA performed based on these parameters was nominal. The climate and topographic parameters
were also analyzed to determine the significance of these factors in the overall farm plot-based
suitability. The terrain distribution parameters suitability map of the study area showed t, nearly
37.8 % of the area under highly suitable (S1), 62.16 % area under medium suitable, (S2-S3), and
0.04% of the area under not suitable (N) classes (Table 8; Figure 3a).

3.1.2. Potato

Similarly, the CR value of the TD parameters was < 0.01 for potato crop. Based on FAHP weightage,
the SAVI parameter is highest at 0.399 and the lowest at 0.067 for elevation (Table 6). The terrain
distribution parameters of the potato suitability map of the study area presented nearly 40.624 %
of the area under the highly suitable, (S1), 31.511% area under the moderate suitable, (52), and
nearly 1.30 % of the area under the not suitable (N) class (Table 8; Figure 4a).

3.2. Static soil parameters

3.2.1. Rice

In this grouping, soil texture is the most influential parameter for the rice crop production, with the
highest weightage of 0.45 and CR at 0.03. Based on the static soil parameters, the highly suitable
class (S1) contained around 30.59% area, while the marginally suitable (S3) and not suitable (N)
class covered by 52.92% and 15.04% area, respectively (Table 8; Figure 3b).

3.2.2. Potato

Soil texture parameter has the highest weightage value (0.53) based on FAHP analysis for
potato crop. For static soil parameters, the highly suitable (S1) class covered approximately
18.64% of the total area, whereas the marginal suitable (S3) class covered around 51.17%
(Table 8; Figure 4b).

3.3. Available soil nutrients parameters

3.3.1. Rice

Available N parameters demarcated the highest weightage (0.442) compared to others factors in
the available soil nutrients group (Table 7). In this group the maximum of the area under moderate
suitable (S2) class of 74.57% for rice LSA (Table 8; Figure 3c).

3.3.2. Potato
In the available soil nutrients group, the available potassium parameter comprises the highest
weightage value (0.54) and zinc contain the least weightage (0.06) for potato crop (Table 7).
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Figure 3. Primary rice land
suitability criteria map: (a)
Terrain distribution para-
meters. (b) Static soil para-
meters. (c) Available soil
nutrient. (d) Agricultural prac-
tice parameters. (e) Local var-
iation parameter.
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Results of available soil nutrients parameters showed that 14.6% of the land was under highly
suitable, (S1), while 48.27% of the land was moderate suitable, (S2), and 11.83% area occurred not

suitable, (N), for potato LSA (Table 8; Figure 4c).

3.4. Agricultural practice parameters

3.4.1. Rice

In the agricultural practice parameters, the seed rate has highest weightage (0.44) while the
lowest weightage value (0.10) is assigned to pesticide rate for rice crop (Table 6). Results of
agricultural practice parameters exhibited moderately suitable, (S2) class represented by
42.29%, and marginal suitable (S3) class represented by 47.57% areq, for rice production

(Table 8; Figure 3d).
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Figure 4. Primary potato land
suitability criteria map: (a)
Terrain distribution para-
meters. (b) Static soil para-
meters. (c) Available soil
nutrient. (d) Agricultural prac-
tice parameters. (e) Local var-
iation parameter.
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3.4.2. Potato
In agricultural practice parameters, the CR value was 0.02, while the seed rate had the highest
weightage value of 0.44 and the pesticide rate had the lowest weightage value of 0.10 (Table 7).

The potato LSA of agricultural practice parameters area coverage demarcated by the four

suitability classes, namely S1, S2, S3, and N which falls into 38.69%, 37.51%, 18.68%, and 5.11%,
respectively (Table 8; Figure 4d).
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3.5. Local variation parameter

3.5.1. Rice

In local variation parameters, farmer financial status has the highest weightage value of 0.482 and
the use of FYM has the lowest weightage value of 0.088 (Table 6). These cluster of parameters
belong with the sigma max value of 4.02 and the CR value of 0.01. Local variation parameters set
outcomes presented accordingly 3.90%, 19.63%, 69.77%, and 6.69% of the land which fallinto
highly suitable, (S1) moderately suitable, (S2) marginal suitable, (S3), and not suitable (N) class for
rice production, respectively (Table 8; Figure 3e). Sometimes, farmers hide their original financial
status.

3.5.2. Potato

In local variation parameters, farmer’s financial status has the highest weightage value of 0.482
and the use of FYM has the lowest weightage value of 0.088 for potato crop (Table 7). These group
of parameters had the sigma max value of 4.02 and the CR value of 0.01. Interestingly, local
variation parameters outcome revealed that 36.59%, 58.42%, 3.45%, and 1.52% of the area under
the highly suitable (S1), moderately suitable (S2), marginal suitable (S3), and not suitable (N) class
for potato production, respectively (Table 8; Figure 4e). Potato being a cash crop has the highest
area under suitability class (S1-S2) for local variation parameters.

3.6. Final crop status estimation

3.6.1. Rice

Finally, integrating all the parameters weights from the FAHP matrix, the final rice crop status
estimation map was produced (Figure 3). The final results indicated that the terrain distribution
parameter was assigned the highest weighted (0.441), while the local variation parameter demar-
cated with lowest weighted (0.050), (Table 6, Figure 3). The weighted values were overlaid to
develop the final rice suitability map into four levels, where the sigma max and CR value are 5.05
and 0.01, respectively, under the acceptable limits (Table 8; Figure 5a). The final rice crop estima-
tion status revealed that the maximum area was found to be marginal suitable class (S3 ~52.87%)
followed by highly suitable (S1~26.04%) class, moderate suitable (S3 ~20.74%) class, and not
suitable (N~0.35%) class, respectively. Currently, the highest suitable class (S1) is found in the
southern part of the study area with higher level of farm mechanization compared to other parts.

Main parameters Highly Moderate Marginal Not Suitable,
Suitable, (S1) Suitable, (S2) Suitable (S3) (N)

Total Land Suitability Rice | Potato | Rice | Potato | Rice @ Potato | Rice | Potato
Parameters (%) (%) (%) (%) (%) (%) (%) (%)
Terrain distribution 37.80 40.624 61.26 31.511 0.90 26.559 0.04 1.306
parameters

Static soil parameters 30.59 | 18.644 1.45 | 26.488 | 5292 | 51.173 15.04 » 3.695
Available soil nutrient 24.85 14.601 74.57 48.273 0.54 25.289 0.05 11.836
Agricultural practice 6.57 | 38.690 | 42.29 | 37.512 | 47.57 | 18.682 3.58 5.115
parameters

Local variation parameter 390 | 36.593 | 19.63 | 58.429 | 69.77 3.450 6.69 1.528
Final crop status estimation | 26.04 | 38.690 | 20.74 | 37.512 | 52.87 | 18.682 0.35 5.115
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Figure 5. Final crop suitability
and yield distribution map; a)
crop suitability map for rice (b)
rice yield distribution map, c)
crop suitability map for potato,
d) potato yield distribution
map.

Figure 6. Final land suitability
map validation with AUROC; (a)
rice, (b) potato.
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3.6.2. Potato

Similarly, the final potato LSA outcome presented that the terrain distribution parameters had the
highest weightage, while the local variation parameter demarcated with lowest weightage. The
final potato crop estimation status was created with the FAHP weighted technique. The result of
the final potato crop suitability assessment represented that highly suitable class constituted the
most substantial proportion with 38.69% of the study area. Conversely, around 37.51% of the area
under the marginal suitable, 18.68% of the area under the moderate suitable, and 5.11% of the
area under the not suitable class are identified in the region. Currently the not suitable class (51)
was found in the northern part with low farm mechanization and acidic soil condition compared to
other parts of the study area (Table 8; Figure 5c).

3.7. Rice yield distribution map

The rice yield information of the study area was collected during the field visit to each farm plot.
The yield distribution map was developed in ArcGIS 10.7.1 software environment using the IDW
interpolation technique (Figure 5b). Nearly 17% of the total area was producing high rice yield (>5
tons/ha), mostly falling under the highly suitability class. Similarly, the majority of the area
classified under moderately suitable that varied from 3 to 5 tons/ha. However, nearly 6% of
areas falls into low rice yield class (<3 tons/ha) there may need to carry out field-based analysis
through ground-truthing to ensure better return to the farmers.

3.8. Potato yield distribution map

The potato yield (t/ha) distribution map was also developed in ArcGIS 10.7 software environment
(Figure 5d). The average potato yield found in the region is around 18 t/ha, which is sound
compared to other areas in the region; however, the quality of potato needs to be monitored.
The distribution map can also be used to identify the area giving low crop yield. For instance, 36.8%
of the study area is considered highly suitable (>20t/ha), while 61.2% of the area is considered
moderate suitable (15-20 t/ha), and 0.4% of the study area is considered not suitable (<10 t/ha)
for growing potato. Almost 90% of the farms in the study area was suitable for growing potato
crop. As, this study area is located in major potato growing region and significant numbers of
farms grow the crop. The spatial pattern of the potato yield maps showed that the northeast part
of the study area had lower crop yield than the southwest part, which may be due to low amount
organic carbon, presence of acidic soil, and high electrical conductivity.

3.9. Validation

Based on ML validation outcome, the SVM method had the highest AUC for rice and potato (above
80%) land suitability analysis. Also, the RF and AdaBoost method (>67%) was found to have
medium performance with the AUC value. Logistic regression method (71%) performed better
for the potato land suitability estimation compared to the rice crop. Similarly, the XGB (67%) had
better performance for rice crop yield model, whereas performed low for potato crop (Figure 6).

4. Discussion

The identification of suitable land for growing crops is very important to meet the increasing
demand in food in the current world scenario. Through the FuzzyAHP technique, a comprehensive
land suitability analysis can be performed efficiently and effectively. This method allows the users
to determine the weights of various parameters and their consistency. GIS is a powerful tool that
can be used to create and manage a comprehensive land suitability analysis through mapping. The
integration of the FAHP-GIS/RS and MCDM methods allows the users to assign proper weightage to
the various parameters in the LSA. The logical FAHP technique-based land suitability analysis will
enhance the adoption of technique for better crop selection.

The 21 parameters, including the cropping and non-cropping variables, can provide the best
conditions for the crop suitability study. In addition to the multiple parameters, the study also
evaluated the biophysical variables of the land. This method can be used to enhance the efficiency
of crop management in the region. This study provides a biophysical evaluation that allows
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farmers to select the appropriate cropping patterns and long-term crop rotation. It will help the
investigators to develop effective strategies to improve the efficiency of their operations. One of
the most important factors, the study focused on, was the evaluation of the land grouped under
not suitable class for alternative crops.

The suitability map for rice crop in terms of primary criteria was identified by FAHP weighted overlay
using spatial analyst tools in ArcGIS 10.7.1. In final crop status parameters analysis, the majority of
the area was found to be classified under marginally suitable class of 69.77% for rice. In contrast, the
areas were characterized by: alluvial plain area, a mean value of soil organic of 0.54%, superior
irrigation facility, texture class clay, and N, P, K levels good with average temperatures between 22-30
degrees Celsius which was considered as the ideal range for the crop. The LSA levels were also in
agreement with the findings of the literature. Overall, the profit margin from rice cropping is some-
what low, which may allow for experiment with new crops. Generally, not suitable (N) areas were
characterized with high EC condition, acidic pH level, and low mechanization level. So, as per the final
LSA analysis, approximately 0.35% of the area classified under a not suitable group may be dedicated
to an alternative crop for better profit margin. However, potato cropping has been successful in the
study area with very high yield throughout the study area.

The result for the final potato crop suitability assessment showed that highly suitable constitutes
the most substantial proportion, with 38.69% of the study region. Nearly, 90% of area had sound
potato crop yield in the region. As expressed by the farmers, due to variation in weather, potato
tuber quality somehow not maintained, which needs special attention. High potato yield some-
times causes low selling pricing leading to low profit margin for the farmers. Potato tuber quality
needs to be improved through continuous monitoring of crop to ensure better return to the
farmers.

The findings of the study provide effective recommendations for improving the land-use effi-
ciency and the management of rice and potato in the Tarakeswar region, West Bengal, India. The
results of the study can also be used to help policymakers to take informed decisions regarding the
use of land resources. It can also help them identify areas where they can improve the efficiency of
their operations and ensure that the land is used most effectively.

In India, the majority of small and marginal farmers grow rice and potato for their consumption.
Sometimes, they do not estimate the loss or profit from rice farming. The wrong cropping practice
and unfavorable surrounding weather and physical interferences along with traditional cropping
practices cause losses, leading to economic setback for the farmer’s family. The soil health card
(Government of India, 2017) system has provided farmers with a new hope of understanding their
soil condition. The soil health card report may be used to evaluate the farm suitable for rice and
potato crop or changes required in terms of crop inputs or crop replacement with a better
alternative crop. The suitability analysis through FAHP may be extended to other areas through
soil health card report for wider adaptability of the proposed technique.

Irrespective of the farm size, most of the farmers considered “high labour cost” as the most
important problem in growing crops. Agriculture is considered a complicated system, which may
be influenced by technical, economical, ergonomic, environmental, and cultural criteria.
Sometimes a single criterion can cause major crop damage with a very low return to farmers.
However, the FuzzyAHP is capable to rank the parameters and gives certain weightage to indivi-
dual parameters, based on the individual level of influence as well as the combined influence of
two or more parameters. Robertson and Oinam (2023) model clearly indicated that GIS integrated
with AHP technique had potential to decide the weights of each individual parameter using
experts’ opinions which can serve as a versatile tool to carry-out suitability analysis which can
aid policy makers.
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It was recommended to use MCDM methods to make the best decisions according to the criteria
with TOPSIS, VIKOR, LINMAP, SAW, WASPAS, and fuzzy logic. The criteria may ameliorate the
decision according to real field conditions. Even the criteria can be extended to large field areas
and for different crop rotations.

The study was conducted to provide a comprehensive analysis of the various factors that affect
the crop growth and crop production in the study region. It also validated the importance of the
sub-criteria that are used in the design and planning of agricultural projects in the area. Based on
machine learning validation outcome, the SVM method had the highest AUC for rice and potato
(above 80%) compared to other machine learning technique.

The future recommendation of this study could implement the near real-time basis big data-
driven knowledge with the various precession agriculture technologies such as IoT, RADAR-based
remote sensing, UAV, soil spectroscopy, hybrid MCDM, machine learning, deep learning, block
chain, and cloud computing approach based on LSA multi-criteria evaluation.

5. Conclusion

Total land suitability analysis is an attempt to include all possible parameters having impact on
crop growth and vegetation particularly for rice-potato cropping system in West Bengal. The Fuzzy-
Analytical Hierarchy Process (FAHP)-based model to assign weightage to individual parameters
and the primary criteria is a novel technique for carrying out final land suitability analysis. Based
on this analysis, crop suitability distribution maps were developed for rice and potato crops in
ArcGIS software environment. The land suitability maps were compared with field yield informa-
tion through machine learning models. The SVM ML technique produced the best suited model
with sound AUROC coefficient (>0.8) which can be used in future crops suitability analysis. The
areas having low crop yield and classified as not suitable for a particular crop may be allotted for
an alternative crop/crop rotation. The freely distributed high-resolution Sentinel-2 data may be
used for near real-time crop monitoring.

The lack of links between the innovators and the farmers has been associated with the tradi-
tional approach to conducting agricultural research. By adopting new land suitability studies,
farmers can now protect their crops from various threats such as water stress, climate change,
and emergence of pests and diseases.
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