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Potential Coffee Production Hot-spots Using Machine
Learning Techniques: Nagaland and Manipur, India

Nitish Sharma
x21145157

Abstract

Coffee is arguably one of the most consumed and traded beverages worldwide.
The coffee plant is particularly climatically sensitive, requiring certain soil, alti-
tude, and temperature conditions. The seeds of coffee fruits resembling cherries are
roasted and prepared for export. As coffee’s demand has steadily increased over the
years, poor yields can disrupt the supply chain. Less area remains suited for cof-
fee plantations due to global warming. Therefore, crops must be relocated to new
places to accommodate the rising demand. Only the states of Karnataka, Kerala,
and Andhra Pradesh grow coffee in India, making it one of the world’s main coffee
producers. The climate of the North East Indian States, Chhattisgarh, and sections
of Maharashtra is also conducive to the growth of coffee plantations. On local PCs,
classic research has employed GIS software and machine learning on raster data.
This study investigates the use of geographical data and machine learning with
cloud computing to identify alternative habitats. This discovery will enable the
development of similar models for other crops and, as a result, the research will be
scaled up using the cloud computing capability. While this approach largely elim-
inates the scalability difficulties of conventional geospatial analysis, cloud platforms
are still undergoing development and offer fewer algorithms at present.

1 Introduction

1.1 Background and Motivation :

There is a rapid expansion of coffee culture around the world, with consumption increasing
in both coffee-importing and producing countries. Coffee production in the world is led
by Brazil, followed by Vietnam. India is also one of the leading producers of coffee.
In India, it is grown primarily in three regions Karnataka, Kerala, and Tamil Nadu.
New coffee-producing areas have been established in Andhra Pradesh and Odisha. In
India, the Western and Eastern Ghats are prime coffee-growing territory because of the
dense natural shade they provide. Often inter-cropped with spices such as cardamom,
cinnamon, clove, and nutmeg as per coffee board of india 1. Coffee plantations thrive on
a slope, growing altitudes ranging between 1,000 m (3,300 ft) to 1,500 m (4,900 ft) above
sea level for Arabica (premier coffee), and 500 m (1,600 ft) to 1,000 m (3280 ft). Ideally,
both Arabica and Robusta need well-drained soil conditions rich in organic matter that

1https://www.indiacoffee.org/
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is slightly acidic (pH 6.0–6.5). Slopes of Arabica tend to be gentle to moderate as per 2,
while Robusta slopes are gentle to fairly level.

Many Indian farmers rely only on agricultural earnings to make ends meet. How-
ever, there are crops that are more profitable than the traditional ones. Coffee is one
of the world’s most lucrative crops, earning it the nickname ”black gold.” Farmers in
India and other countries can benefit from coffee plantations by raising their earnings
and stimulating economic growth as coffee consumption continues to climb. Coffee is
a climate-sensitive plant, and as a result, its output has suffered as a result of global
warming. Farmers have relocated their plantings to higher elevations on the slope in re-
sponse to rising temperatures. As the demand for coffee continues to climb, the amount
of land that can be used for coffee cultivation has decreased due to climate change. Even
if coffee production is on the rise, less land is suited for farming, thus new locations must
be identified. The study’s primary objective is to identify potential new coffee-growing
regions in India, focusing on the northeastern states of Nagaland and Manipur.

1.2 Research Question

This research attempts to evaluate the land and climate suitability for coffee production
in various regions of India utilizing geospatial data consisting of raster images and vector
data consisting of geo referenced coffee plantations in India. This project investigates the
land, climatic, and other factors that influence coffee production by utilizing data from
public domain websites, the cloud computing capacity of Google Earth Engine, and a ma-
chine learning-based method to identify possible coffee production hotspots. A hotspot
is a location or area where the climatic conditions provide an optimum home for coffee
plants, making the area suited for coffee cultivation. Using classification algorithms based
on supervised machine learning, this study identifies clusters with comparable geoclimatic
characteristics. These are the groupings of land that are excellent for coffee cultivation.
A potential hotspot is identified as an area with a favorable environment based on the
results of the algorithms.

RQ : With geospatial and remote sensing data for climatologic (temperature, rainfall),
topographic (soil, terrain, elevation), and edaphological (soil type, soil organic content,
soil pH) factors, it is possible to identify promising new locations for coffee production in
India whilst using machine learning classification algorithms (smileRandomForest, smile-
GradientBoostTrees, smileCart) on cloud-based platforms ?

Sub RQ: Based on the identified potential coffee production regions can we subset
the results to find hot-spots in the north eastern states of Manipur and Nagaland using
classification algorithms on geospatial data.

1.3 Research Objective

To ensure that previously used methodologies and findings can be leveraged and incorpor-
ated into this research, as well as to attempt to identify substantial gaps in the reviewed
literature, the research objectives incorporate and evaluate a critical evaluation of cur-
rent literature on the themes. This was done in order to ensure that this research can

2//www.indiacoffee.org/
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leverage and incorporate previously used methodologies and findings. Additional aims
are outlined in Table 1, which is titled ”Research Objectives.”

Research Objective Description

1 A critical review of literature on suitability studies on coffee
production.

2 Studying of Coffee production trends across different states of
India.

3 Assessment of Potential Coffee-Production Hot-spots in India
using machine learning approach

3.a Implementation and evaluation of Random Forest on geospa-
tial data

3.b Implementation and evaluation of Gradieng Boosting on geo-
spatial data

3.c Implementation and evaluation of Classiffication and Regres-
sion trees on geospatial data

4 Preparation of habitat distribution map of India

4.a Preparation of habitat distribution map of Manipur and Naga-
land

5 Preparation of a potential hotspot map of India.

5.a Preparation of potential hotspot map of Manipur and Naga-
land

6 Comparison of developed models (4)

Table (1) Research Objectives

2 Related Work

Coffee is a relatively less researched crop. It has not evolved to the extent as other crops.
Thus there are only two major species of coffee being used around the world Arabica and
Robusta . Coffee is a highly climate sensitive plant and global warming has impacted the
production of coffee globally. This literature review evaluates various suitability studies
for coffee production at various places around the world. This section comprises of various
subsections(i) A review of factors affecting coffee production. All these factors have affect
coffee production in some different proportions. These proportions can be determined
using AHP and Machine learning based methods . Section 2 discusses (ii) A review of
GIS and AHP based methods. Section 3 discusses (iii) A review of machine learning
based methods (iv) A comparison of all the methods.

2.1 Factors determining coffee production:

As it is a tropical plant, coffee has highly precise requirements for the environment in
which it must grow in order to be successful. According to what is said in, the envir-
onmental parameters that are optimal for coffee plantations can be broken down into
three categories: climatological factors, physiographic factors, and edaphological vari-
ables (Salas López et al.; 2020). The climatological factors include things like average
temperature, minimum temperature, maximum temperature, relative humidity, and dry
period. Other climatological elements include these things as well. Edaphological para-
meters include things like soil acidity or pH, soil texture, stoniness, and organic matter.
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These things are all related to the soil in some way. Elevation, the slope of the terrain,
and the aspect of the terrain are the components that make up the physiographic factors.
Other than these characteristics, a plantation should also be located in close proximity
to a water supply in order to satisfy the water requirements, and the area that is being
checked should not be in a national park or other type of designated forest. Different
species of coffee are affected differently by these characteristics.

Robusta grows best at higher temperatures ranging from 20 degrees Celsius to 30
degrees Celsius with a relative humidity of 70–80 percent, while Arabica requires temper-
atures between 18 and 21 degrees Celsius. Along with having soil that is rich in organic
matter, a seasonal rainfall of approximately 125 to 130 centimeters is required for a coffee
crop to be effective. It takes a coffee plant around three years to mature enough to pro-
duce coffee fruit. According to what is stated in, the longer days and cooler temperatures
that prevail during the dry season encourage the formation of flower buds (Hoffmann;
2018). The dry season causes flower buds to enter a state of dormancy, and plants do
not produce flowers during this time. Following this period, the plants go through a
period of pollination and flowering that lasts for about two weeks. This is followed by
the maturation of coffee cherries. According to what is stated in, the full process takes
approximately six to nine months for Arabica and nine to eleven months for Robusta
(Wintgens et al.; 2004).

The rise in average worldwide temperature that can be attributed to human-caused
climate change has also had an impact on the world’s coffee plants. When temperatures
rise, farmers relocate their plantings to higher elevations on the hill, where the weather
is cooler. This results in a reduction in the amount of land that is suitable for plantation
and farming. According to the findings of a number of studies conducted in this region,
the amount of land suitable for coffee farming could decrease by as much as 50 percent
by the year 2050 for both Arabica and Robusta varieties (Adhikari et al.; 2020). The
majority of research that investigates the effects of climate change is conducted on a
national or regional scale. According to one global impact assessment that was carried
out (Bunn et al.; 2015), it is expected that the plantations will move towards higher
altitudes worldwide. In addition to this, it forecasts a fifty percent decrease in the amount
of suitable area. According to the findings of another study that was conducted in a same
manner (Haryuni et al.; 2019) area, while Robusta could lose twenty-five percent. The
hypothesis that Robusta can withstand higher temperatures for longer is called into
question by this research as well. According to the findings of several studies, it may be
beneficial to migrate the plants to circumstances resembling shaded tropical forests and
to higher altitudes.

2.2 An analysis of existing GIS and AHP based suitability Ana-
lysis:

This research aims to find suitable area for coffee plantation based on its Climatological ,
physiological and Edaphological factors. These data related to these factors can be availed
from open Geographical Information systems (GIS),open source satelite imagery. These
data can be fed to Analytical Hierarchical Process (AHP) based models to determine the
suitability of an area . AHP is a multicriteria decision method that creates a hierarchy
for the decision .Each factor is assigned a weight in AHP based analysis. Many studies
have been done to ascertain suitability of an area for an agricultural crop cultivation
using AHP and GIS (Mendas and Delali; 2012),(Dedeoğlu and Dengiz; 2019),(Bhagat
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et al.; 2009),(Pilevar et al.; 2020),(Tashayo et al.; 2020),(Ostovari et al.; 2019),(Mandal
et al.; 2020),(Salas López et al.; 2020) and (Pham et al.; 2021). One such study has been
performed by (Rono and Mundia; 2016).This research has determined land suitability
of ElgeyoMarakwet County in Kenya for coffee production. It takes into consideration
various factors and finds a model to predict coffee production using GIS data, Satelite
imagery using GIS modelling and Analytic Hierarchy Process (AHP) based models. This
study found that Arabica coffee is more suited to be grown in the study area than Robusta
coffee (Rono and Mundia; 2016). While the study has taken into factors all the necessary
climatological factors , It does not account for increasing temperatures.

Similar study has been performed in Jamaica (Mighty; 2015) . This study evaluated
the factors such as Elevation, Temperature, Geology, Soil Types, Slope, Precipitation,
Distance to road and Distance to waterways. This study uses GIS systems , Multi Cri-
teria Decision Analysis, and Analytical Hierarchical Process. This study found that Geo-
logy, precipitation and temperature are the most significant factors for coffee production.
According to this study the most suitable areas for coffee were found to be mountains
of central and eastern Jamaica (Mighty; 2015). This study is also based on GIS data
and AHP based modelling techniques. Coffee plants take 5 to 7 years to blossom. The
temperature can further increase in a span of 5 -7 years. This research does not takes
into account the future temperature.

Another research done using AHP and GIS to find land suitability analysis for pro-
duction of Potato Crop in the Jucusbamba and Tincas Microwatersheds (Iliqúın Trigoso
et al.; 2020). This research concluded that climatological, edaphological, topographical
and socioeconomical factors effect potato production most in the area. AHP and GIS
based models can be combined to determine suitability for a wide variety of purposes
and not just agricultural 6 purpose. (Parry et al.; 2018) has performed land suitability
analysis for urban services planning in Srinagar and Jammu urban centers in Jammu and
Kashmir, India. (Doke et al.; 2021) has performed Geospatial mapping of groundwater
potential zones in a hardrock basaltic terrain in India. Above mentioned researches also
do not take into consideration the increase in temperature.

2.3 Review of Machine Learning approaches used in suitability
studies

AHP can be integrated with Artificial Neural Networks(ANN) to predict results with
superior accuracy. Numerous researches have employed AHP and ANN in conjugation
. One such research done by (Taha and Rostam; 2011) combines AHP with Bayesian
Network. In another research ANN has been used along with AHP by (Al-Barqawi
and Zayed; 2008) to predict water sources. Some other researches like land suitability
analysis done by (Oh et al.; 2011) for urban growth and prediction of ground water
reserve area in a near saline water way use similar methodology. In another approach
by (de Carvalho Alves et al.; 2022), Machin learning has been used to predict coffee
production hotspots based on remote sensing and Mineral nutrition monitoring. This
research uses samples of leaves and soil to determine the mineral and nutrient content
and uses. Climatic data is collected through satellite data such as Landsat. It uses
Classification and regression trees (CART), Random Forest algorithms. The research is
confined to Arabica species only.

Research (Chemura et al.; 2021) discusses the impact of climate change on coffee
production in Ethiopia. This research finds that , the area suitable for cofee will remain
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stable under all scenarios and there will be minimal impact. The research analyses both
current and future climatic data and finds the impact on Ethiopian coffee production,
The research however does not find any significant impact and does not do any suitability
analysis on potential areas.

2.4 Summary of the researches studied

The researches discussed in this section are summarized in the table Table 2 – Summary
of Research. This completes the research objective 1 specified in Table 1 - Research
Objectives.

Year Title Method Used

2021 AHP-GIS and MaxEnt for delineation of
potential distribution of Arabica coffee
plantation under future climate in Yunnan,
China

GIS, AHP, Maxent

2020 Land Suitability for Coffee (Coffea arabica)
Growing in Amazonas, Peru: Integrated
Use of AHP, GIS and RS

GIS, AHP

2022 The role of machine learning on Arabica
coffee crop yield based on remote sensing
and mineral nutrition monitoring

GIS, Classification and regression trees
(CART), Random Forest

2015 Modeling the climate change impacts on
global coffee production

GIS , Maxent, SVM, Random Forest

2022 Coffee-Yield Estimation Using High-
Resolution Time-Series Satellite Images
and Machine Learning

Satelite Imagery, SVM, Random Forest,
Multi Linear Regression

Table (2) Summary of Research

3 Methodology

The data that was gathered for this study was stored in csv files as vectors and geographic
raster pictures respectively. The geographical coordinates of the coffee plantations in
India are included in the csv vector files. After that, the data is processed and altered so
that it may be used for the project. In the section titled ”Implementation,” the processes
of ”data pre-processing” and ”data transformation” are broken down in detail. The
collected data is then input into machine learning models so that the clusters may be
identified. After this step, the application of supervised machine learning classification
is carried out in order to ascertain the prospective habitats that are suited for coffee
production. The results of the algorithms are used to generate a map of possible hotspots.
After examining the data at a more abstract level, a more in-depth analysis is carried
out on the states of Nagaland and Manipur in order to further hone in on the possible
hotspot spots.

3.1 Cloud Based Coffee Distribution model

For the purpose of determining the most suitable environment for coffee plantations in
India, this study makes use of a modified CRISP-DM model that is based on the cloud
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and is suitable for species distribution models. This model is referred to as a cloud-based
coffee distribution model. This research is carried out in a cloud setting with the inten-
tion of exploiting the capability of cloud computing on big raster images, which would
normally be challenging to comprehend on a standard computer. In order to identify
possible hotspots, this research takes a number of different aspects into consideration.
The methodology is summed up in the diagram labeled ”Figure 1 - Cloud Based Coffee
Distribution Model.”

Figure (1) Cloud Based Coffee Distribution Model

3.2 Process Flow

This investigation seeks India’s next coffee manufacturing hubs. The first stage is learning
about coffee cultivation and production factors. Next, each aspect’s data is collected. The
Google Earth Engine compiles raster data for geospatial research from many publicly
available sources. The GBIF website 3 is used to obtain location coordinates. For trend
analysis, Tableau visualizes Coffee Board of India data. Additional dataset information is
in the ”Implementation” chapter. Coffee output is highly influenced by factors. To meet
machine learning model requirements, these data are processed and displayed. A hotspot
is a categorized region that has been researched to see if it can grow coffee. Evaluation
and research are being done on classification algorithm outcomes. Figure 2 shows the
project flow.

3https://www.gbif.org/
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Figure (2) Project Flow

4 Design Specification

Figure 3 demonstrates the Three-Tier Architecture that was used in this assessment
exercise. The Data Layer is located at the very bottom of the structure, and it serves as
the foundation for the collecting of data points. This layer obtains its information for geo
locations of coffee plantation places in India from GBIF4, and it obtains its information
for coffee production from the Coffee Board of India 5. On top of the data layer is where
the business logic layer is located. This layer is home to all of the data pre-processing and
modelling code, as well as the business logic that drives those processes. The Random
Forest Classifier, the Gradient Boosting Classifier, and the CART Classifier provided
by earth engine and are used in this implementation. The Mean Area Under Curve
(Mean AUC) measure is utilized in order to perform the analysis on the classification’s
final results. The final products of this layer consist of evaluation metrics as well as
TIFF images that show the possible distribution of hotspots. The business model layer
visualizations are supplemented by an additional layer called the data visualization layer,
which is the topmost layer. Tableau and Python are included in this layer in order to
facilitate data visualization. The Raster package in Python is used to read and interpret
TIFF pictures, whilst Tableau is utilized for visualizing coffee production statistics.

4https://www.gbif.org/
5https://www.indiacoffee.org/
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Figure (3) Design Specification

5 Implementation

5.1 Introduction

Species distribution models are helpful in finding probable habitat for a species. They
(SDMs) are numerical tools that combine observations of species occurrence or abundance
with environmental estimates (1(Bellard et al.; 2012). Traditional studies have employed
a variety of tools as discussed in section 2. This implantation utilizes cloud computing
power of Google Earth Engine (GEE). The occurrence data and produce data is gathered
in the base tier. The business logic is written in earth engine using java script which forms
the business model and mapping tier. This tier also caters to visualizations created during
various phases in the implementation. The top most tier is data visualization tier where
visualizations are created in tableau utilizing the produce data sourced from CBF6 and
using raster library in python to read the TIF files exported after the implementation.

5.2 Gathering data from Datasets

Geo referenced coffee farms or locations forms the basis of Occurrence data in the imple-
mentation is downloaded using python from GBIF7. A total of 55 geo referenced locations
are taken into taken. It is essential to study current trends and analyse the production
of coffee in India. The produce is gathered at taluka level from coffee board of India8.
It has data spanning from 1950 till 2022 at a state level. Analysing this data in tableau
suggests that rtae of arabica production is slowing down and non traditional states of
Orissa and Andhra Pradesh have shown a significant growth as shown in figure 4.

6https://www.indiacoffee.org/
7https://www.gbif.org/
8https://www.indiacoffee.org/
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(a) Year Wise Coffee Production Of Arab-
ica And Robusta

(b) State Wise Coffee Production for Year
2021 And 2022

Figure (4) Coffee Production Data

Figure 5 depicts the geo referenced coffee occurrence locations or presence locations.
The presence points are represented in red dots in the map. As most of the coffee is
produced in the southern states of India in Karnataka, Kerala and Tamil Nadu, Prescence
points are concentrated around these states.

Figure (5) Prescence Points

Coffee Board of India has listed factors crucial to coffee production 9 .These factors
include soil condition, slopes, elevation, aspect, Temperature ,Annual Rainfall, Blossom
Showers and Backing Showers. For a good coffee habitat deep, fertile soil, rich in organic
matter, well drained and slightly acidic (Ph6.0-6.5) is needed. The slopes need to be

9https://www.indiacoffee.org/coffee-regions-india.html
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gentle to moderate with elevation of 1000 - 1500 m for Arabica and 500 – 1000 m for
Robusta and aspect of North, East and North East for both breeds. It also mentions the
annual rainfall should be between 1600-2500 mm for Arabica coffee and 1000-2000 mm for
Robusta coffee. It also suggests that annual temperature range should be 15 -25 degree
Celsius for Arabica and 20 – 30 degree Celsius for Robusta coffee. All these data have
been taken into consideration in the implementation of the species distribution model.
There are numerous raster and vector datasets in form of Image ,ImageCollection and
FeatureCollection available on google earth engine. Images are single images where as
ImageCollections are stacks or sequence of images. FeatureCollection are usually vector
data containing attributes related to a geographical location which can be a polygon,
point , line or any other vector data .As the data can be uncertain during covid times,
The data for this Implementation takes predictor values from Jan 2018 to Dec 2020 .
The predictors used in this implementation and GEE datasets used to get their values
are listed in Table 3 – Datasets.
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Predictor Dataset Type/ Dataset Dataset Description

Temperature ImageCollection/ WORLD-
CLIM/V1/MONTHLY WorldClim V1

Bioclim provides bioclimatic variables
that are derived from the monthly
temperature and rainfall in order to
generate more biologically meaningful
values. It contains 4 bands tmin for
minimum temperature, tmax for max-
imum temperature, tavg for average
temperature and perc for mean an-
nual precipitation. The data is spread
across these four bands averaged on
a monthly basis. For calculation of
the temperatures a mean of the tem-
perature is taken for a filtered collec-
tion spanning between Jan 2018 – Dec-
2020.

Elevation Image/CGIAR/ SRTM90V 4 The original intention behind the pro-
duction of the Shuttle Radar Topo-
graphy Mission (SRTM) digital elev-
ation collection was to deliver con-
sistent and high-quality elevation data
with a scope that was as close to
worldwide as possible. This particu-
lar iteration of the SRTM digital elev-
ation data has been processed to re-
move any gaps in the data as well as
make its use more straightforward. It
is a single band image consisting of el-
evation.

Aspect Image/USGS/SRTMGL1003 The digital elevation data produced by
the Shuttle Radar Topography Mis-
sion (Farr et al.; 2007) is the result
of an international research effort that
attempted to obtain digital elevation
models on a scale that was close to
global. With a resolution of 1 arc-
second, this SRTM V3 product, also
known as SRTM Plus, is made avail-
able by NASA JPL. Aspect is calcu-
lated using feature engineering on el-
evation data by applying terrain func-
tions on elevation data and singling
out aspect band.

Slope Image/USGS/SRTMGL1003 Slope is calculated from elevation data
using feature engineering on elevation
data.Terrain function is applied and
slope band is selected .

pHScale Image/ OpenLandMap/SOL/SOLPH −
H2OUSDA− 4C1A2AM/v02

pH of the soil measured in H2O at six
different depths (0, 10, 30, 60, 100,
and 200 cm) with a resolution of 250
meters.

12



Predictor Dataset Type/ Dataset Dataset Description

Soil Organic
Content

Image/ OpenLandMap/SOL/
SOLORGANIC − CARBON

USDA− 6A1CM/v02

The amount of organic carbon in the
soil, expressed as x 5 g/kg, was meas-
ured at six different depths (0, 10, 30,
60, 100, and 200 cm) with a resolu-
tion of 250 m. a conclusion reached
after compiling soil data from around
the world.

Rainfall ImageCollection/WORLDCLIM/V1/BIO The WorldClim Version 1 Bioclim of-
fers bioclimatic variables that are ob-
tained from the monthly temperature
and rainfall in order to provide more
biologically meaningful data.It con-
tains of data in various bands. Rain-
fall data used in this implementation
is contained in band bio12 i.e Mean
Annual Rainfall and bio13 being used
to find rainfall during rainy season.

Hillshade MODIS/006/MOD44B The Terra MODIS Vegetation Con-
tinuous Fields (VCF) product is a rep-
resentation of surface vegetation cover
estimations on a global scale that is
done at the sub-pixel level. Developed
to continually portray the terrestrial
surface of the Earth as a fraction of
fundamental vegetation characterist-
ics. Hillshade is present as a band in
the image collection.

Percent Tree
Cover

MODIS/006/MOD44B Percent Tree cover is calculated by se-
lecting percent tree cover band in the
above image collection. For this the
collection is filtered by taking mean for
a time period of Jan - 2018 to Dec to
2020.

Table (3) Datasets

5.3 Data Pre Processing and Feature Engineering

Occurrence Data is uploaded as assets in Google Earth Engine. The occurrence data con-
sists of species information and coordinates. While uploading the data columns containing
coordinates are specified. In order to limit the potential effect of geographic sampling bias
on the model output due to data aggregation resulting from multiple nearby observations,
data points belonging to same pixel are observed and only one random point is selected
from them. For this we remove the duplicate observations in the sample. After this we
are left with 50 unique Occurrences. The data points are spread across the country hence
we form an area of interest around these data points by creating a 1 km buffer. It is
essential to check that there is not a substantial correlation between any of the predictor
variables, as this could lead to collinearity. In order to take this into account, we estimate
the Spearman correlation among the predictor variable values at 5000 randomly chosen
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sites. It is found that minimum temperature, mean temperature and maximum temper-
ature are correlated . Similarly rainfall in rainy season and mean annual rainfall are also
correlated. So these predictors are removed and only remaining predictors are taken into
consideration. All these predictors are plotted in Figure 6 below.
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(a) Mean Annual Temperature (b) Slope

(c) Aspect (d) Mean Annual Rainfall

(e) Percentage tree cover (f) Soil pH

Figure (6) Predictors
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The regions in which pseudo-absences can be formed are identified. The model is pop-
ulated with pseudo absences. To narrow the area for the formation of pseudo-absences, a
two-step environmental profiling strategy is utilized. First, a k-means clustering based on
Euclidean distance is conducted on the presence data, which generates random pseudo-
absences within the pixels that are assessed as being more dissimilar to the presence data.
In order to study the data a grid is created around the area of Interest. In this case study,
a block repeated split-sample cross-validation strategy is employed to randomly divide
data for model training and validation (2,3). Using random block splits, many model
iterations are executed to generate training and validation data sets.

5.4 Modeling

This solution employs a repeating (10-times) spatial block cross validation technique,
arbitrarily dividing 50x50km geographical blocks for model training (70 percent) and
validation (30 percent) while generating pseudo-absences at random for each iteration.

In order to conduct an analysis on each of the data sets, an equal number of pseudo-
absences and occurrence data were constructed for each. In order to guarantee that
there will be an equal number of pseudo-absences, an arbitrarily large sample of 50,000
random points will first be generated. This will allow for pixels to be discarded that fell
outside land area (within the ocean or lakes) within the spatial blocks that will be used
for the training of the model. After getting rid of these masked pixels, the number of
pseudo-absence points for a given data set were restricted so that it equalled the number
of presence points. After that, a random forest model, a gradient boosting model, and a
CART Classification model are used to determine how well the model fits the data. These
models are executed for a total of five times, after which the mean habitat appropriateness
of all five runs is determined.

6 Evaluation

6.1 Introduction

GEE provides 4 classification techniques namely smileRandomForest, smileGradientTree-
Boost, smileCart and smileNaiveBayes. smileNaiveBayes returns poor accuracy and has
not been used in this implementation. This Implementation uses cases of smileRandom-
Forest, smileGradientTreeBoost, smileCart classification implementations. Accuracy of
these models is assessed using Area Under the Curve of the Receiver Operator Charac-
teristic (AUC-ROC) (Fielding and Bell; 1997) and the Area Under the Precision-Recall
Curve (AUC-PR) (Sofaer et al.; 2019) for each run using the validation data sets. Mean
AUC-ROC and Mean AUC-PR for the n iterations for each models is calculated there-
after. A potential distribution map is plotted for each of these models. The result is
clipped to the states of Nagaland and Mizoram to study the results.

Sensitivity (correct predictions of the occurrence) and Specificity or correct predictions
of the absence are extracted . These metrics require defining a threshold. For each
iteration, the threshold that maximizes the sum of sensitivity and specificity is used.
Both sensitivity (the ability to make accurate forecasts of the occurrence) and specificity
(the ability to make accurate predictions of the absence) are retrieved and exported to
google drive or other cloud account. For this implementation the exports are rendered to
google drive.
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6.2 Case Study 1:Evaluation of results for smileRandomForest
classifier

According to 4 A random forest is a set of tree predictors designed in such a way that
each tree in the forest is dependent on the values of a random vector that is sampled
randomly from each tree in the forest but follows the same distribution for each tree.
When there are a lot of trees in a forest, the generalization error tends to get smaller
and smaller until it reaches some sort of cap. For smileRandomForest classification in
GEE numberOfTrees parameter which is the number of decision trees to create, has been
set to 500. The number of decision trees to create. minLeafPopulation which tells the
classifier only to create nodes whose training set contains at least this many points, has
been set to 10. bagFraction ,the fraction of input to bag per tree has been kept to default
value of 0.5. The tables Table 4 and Table 5 show the AUC-ROC and AUC-PR metrics
respectively for the 10 iterations in the random forest classifier.

Figure (7) AUCROC Random Forest

Figure (8) AUCPR Random Forest

17



Figure (9) Habitat Suitability Random Forest

The Mean AUCROC obtained in the 10 iterations is 0.88324 and Mean AUCRPR
obtained in 10 iterations is 0.81801 . The most suitable habitat and potential hotspot
map predicted by Random Forest is shown in figure 12, figure 13 and figure 14. Figure
12 shows distribution map for India and Figure 13 and 14 show the maps for the states
of Nagaland and Manipur. This accomplishes objective 3.a of this research outlined in
table 1.
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Figure (10) Habitat Suitability Random Forest in Manipur and Nagaland

Figure (11) Potential Hotspots Random Forest in Manipur and Nagaland
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6.3 Case Study 2:Evaluation of results for smileGradientTree-
Boost classifier

Gradient boosting are a class of machine learning algorithms that can be applied to a
variety of different problems, including regression and classification. It provides a pre-
diction model in the form of an ensemble of low-powered prediction models, which are
decision trees. These are known to outperform the results of random forests and provide
better results. For this implementation , numberOfTrees which is number of decision
trees to create has been kept to 500. Other parameter values have been left to default.
Table 6 and Table 7 show the AUC-ROC and AUC-PR metrics respectively for the 10
iterations using the Gradient Boosting classifier.

Figure (12) AUCROC - Gradient Boosting

Figure (13) AUCPR - Gradient Boosting

The Mean AUCROC obtained in the 10 iterations is 0.88555 and Mean AUCRPR
obtained in 10 iterations is 0.89595 . The most suitable habitat and potential hotspot
map predicted by Gradient Boosting is depicted.

Figure 15 shows distribution map for India and Figure 16 and 17 show the maps for
the states of Nagaland and Manipur. This accomplishes objective 3.b of this research
outlined in table 1.
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Figure (14) Habitat Suitability Gradient Boosting

Figure (15) Habitat Suitability Gradient Boosting
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Figure (16) Potential Hotspots Gradient Boosting

6.4 Case Study 3:Evaluation of results for smileCart classifier

CART stands for Classification And Regression Trees and can be used both for classific-
ation and regression. CART relies on Gini impurity for finding the best tree route. For
this implementation , default values have been passed to run the algorithm. Table 8 and
Table 9 respectively show the AUC-ROC and AUC-PR metrics for the 10 iterations in
the random forest classifier.

Figure (17) AUCROC - CART

The Mean AUCROC obtained in the 10 iterations is 0.78365 and Mean AUCPR
obtained in 10 iterations is 0.80865. The most suitable habitat and potential hotspot map
predicted by CART is depicted . Figure 18 shows distribution map for India and Figure
19 and 20 show the maps for the states of Nagaland and Manipur. This accomplishes
objective 3.c of this research outlined in table 1.
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Figure (18) AUCPR - CART

Figure (19) Habitat Suitability Cart

The objectives 3 ,3.a ,3.b ,3.c ,4 ,4.a ,5 , and 5.a that were outlined in table 1 have
been successfully accomplished with the creation of a map depicting the distribution of
habitat and possible hotspots.
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Figure (20) Habitat Suitability CART

Figure (21) Potential Hotspots CART
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Figure (22) Results

6.5 Discussion

This implementation has successfully performed a classification and potential hotspot
mapping in the state of Manipur and Nagaland. While performing the implementation
all the classifiers have been studied and case studies to evaluate their performance has
been done. The Mean AUCPR and Mean AUCROC for all the three classifiers used
in the project are summarized in below figure. This completes the objective 6 of this
research mentioned in table 1.

7 Conclusion and Future Work

The major purpose of this initiative was to investigate and identify areas in India that
have the potential to become important hubs for the production of coffee.This funda-
mental objective has been completed successfully. As a result of this research, classifiers
have been successfully deployed to locate environments in India that are appropriate
for coffee cultivation. smileRandomForest, smileGradientBoostTrees, and smileCart are
some of the methods that were utilized in this process.Following the discovery of possible
distribution in the north-eastern region of India, suitability maps for the states of Naga-
land and Manipur have been generated and rendered for driving. In table 1, all of the
objectives that needed to be accomplished in order to answer the research question have
been accomplished. The cloud-based geospatial analysis that was utilized in this project
possesses a tremendous amount of potential in terms of its ability to work with big raster
data sets. With the growing number of public data sets on google earth engine, problems
can be solved more specifically.This research has taken into consideration current climatic
conditions.

With raster datasets serving as the foundation, this project has implemented big data
and cloud-based processing methods for machine learning in Google Earth Engine. This
project also made use of the Usaga module for Python in order to collect occurrence
data and view TIFF files that were generated by the earth engine. In addition to that,
it takes use of Tableau for the depiction of historical trends in coffee output throughout
all of India’s states. Because of the introduction of this change, there have been various
increases in a variety of skills, some of which are as follows: Python, Javascript, and
Python for the technical elements; Remote sensing; Geographic Information System;
Geospatial; Machine Learning. This application has also resulted in a significant increase
in knowledge regarding coffee plantations, the elements that influence it, and the crop
cycles. In addition to this, it investigates the application of machine learning on a cloud-
based platform by making use of big data in order to investigate the uncountable ways in
which land utilization could be improved and optimized for farming and other activities.

With the increase in global warming the coffee hot spots identified disappear.Currently
earth engine does not have a future climate data set.With the use of future climate data
sets, hot spots to move cultivation can be predicted and it remains to be done as a
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future work in this project.The research has also not taken into consideration soil nu-
trients.Currently earth engine is slow and the google drive only allows 15gb of storage,
restricting rendering of large data sets.With more soil related data and ability to render
images with high resolutions more detailed hotspots can be predicted.
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