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Abstract: The Gedeo zone agroforestry systems are the main source of Ethiopia’s coffee beans.
However, land-use and suitability analyses are not well documented due to complex topography,
heterogeneous agroforestry, and lack of information. This research aimed to map the coffee coverage
and identify land suitability for coffee plantations using remote sensing, Geographic Information
Systems (GIS), and the Analytical Hierarchy Process (AHP) in the Gedeo zone, Southern Ethiopia.
Remote sensing classifiers often confuse agroforestry and plantations like coffee cover with forest
cover because of their similar spectral signatures. Mapping shaded coffee in Gedeo agroforestry
using optical or multispectral remote sensing is challenging. To address this, the study identified
and mapped coffee coverage from Sentinel-1 data with a decibel (dB) value matched to actual coffee
coverage. The actual field data were overlaid on Sentinel-1, which was used to extract the raster
value. Pre-processing, classification, standardization, and reclassification of thematic layers were
performed to find potential areas for coffee plantation. Hierarchy levels of the main criteria were
formed based on climatological, edaphological, physiographic, and socioeconomic factors. These
criteria were divided into 14 sub-criteria, reclassified based on their impact on coffee growing, with
their relative weights derived using AHP. From the total study area of 1356.2 km2, the mapped
coffee coverage is 583 km2. The outcome of the final computed factor weight indicated that average
annual temperature and mean annual rainfall are the primary factors, followed by annual mean
maximum temperature, elevation, annual mean minimum temperature, soil pH, Land Use/Land
Cover (LULC), soil texture, Cation Exchange Capacity (CEC), slope, Soil Organic Matter (SOM),
aspect, distance to roads, and distance to water, respectively. The identified coffee plantation potential
land suitability reveals unsuitable (413 km2), sub-suitable (596.1 km2), and suitable (347.1 km2) areas.
This study provides comprehensive spatial details for Ethiopian cultivators, government officials, and
agricultural extension specialists to select optimal coffee farming locations, enhancing food security
and economic prosperity.
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1. Introduction

Coffee is a significant traded commodity worldwide [1]. Coffee trees were originally
identified in the Ethiopian mountains in the ninth century. Ethiopia is a country where
agriculture supports more than 80% of the population [2]. To provide food for their own
consumption, the majority of the population engages in subsistence farming. A small
portion of the population grows cash crops, while others cultivate food crops on a large
scale [2]. It is acknowledged that agriculture accounts for a large portion of foreign exchange
earnings. This is evident from the cash crops grown throughout the nation [3]. Coffee, tea,
and other fruits are the principal cash crops grown in Ethiopia, with coffee currently being
the most valuable. Ethiopia is the world’s fifth-largest producer of coffee after Indonesia
and exports its crop to other countries [4].

Estimates showed that the Gedeo zone has the potential for 67,164 ha of land to
produce coffee, of which 51,698.35 ha do so on an annual basis, and provides a living for
644,000 people [5]. Since 2023, the Gedeo Cultural Landscape has been recognized as a
UNESCO World Heritage Place. The landscape has heterogeneous agroforestry and diverse
topography. The zone is mainly known for its coffee agroforestry system, particularly by
the Yirgachefe brand. Yirgachefe Coffee is an export brand of coffee in Ethiopia. However,
the existing coffee land use is not well mapped, making it difficult to easily detect where
this land-use system is located in different districts of the study region. Hence, the lack of
successful, broad coffee extent maps has hampered a comprehensive awareness of coffee’s
overall environmental effect [6].

In agroforestry systems (AFS), coffee plants flourish in the understory of indigenous
or introduced tree species [7]. Among the factors impeding precise AFS identification for
coffee are shade tree coverage, topographic variation, and AFS structural complexity [8].
The widespread presence of alien tree plantations in indigenous forests makes it difficult to
identify and map understory coffee using satellite imagery [8]. In recent studies, it has been
possible to recognize and distinguish between different types of land use by combining
Synthetic Aperture Radar (SAR) with multi-temporal optical reflectance images [9]. With
optical and SAR sensors on board, the Sentinel mission offers the chance to combine optical
and radar data to improve mapping capability on overcast days [10]. The European Space
Agency’s Copernicus Sentinel-1 mission can monitor the earth’s surface using radar with
high spatial and temporal resolution [10,11]. SAR provides observations with a ten-meter
spatial resolution for crop monitoring [12]. Sentinel-1A’s backscattering coefficient is used
to calculate the types of heterogeneous features that exist on the surface of the land. For
instance, the computed moisture content of soil from the SAR image using relative decibel
values indicated the effectiveness of SAR in soil and hydrological applications [13,14]. On
the other hand, Sentinel-2A’s Multispectral Instrument (MSI), primarily utilized for LULC
monitoring, has a higher spectral and spatial resolution [15].

The current requirement for optimum land use is greater than ever before due to rapid
population growth and urban sprawl, which have made land a relatively limited commodity
for farming and other uses. As a result, there is a rising urgency to match land capacities and
land uses in the most reasonable way [16,17]. Remote sensing and Geographic Information
Systems (GIS) technologies are necessary to detect the most suitable sites for sustainable
agricultural production in accordance with their environmental potential [18]. Selection of
the best site for agricultural production requires consideration of technical needs as well
as physical, financial, social, and ecological factors that could resolve conflicts of interest
by using several decision-support approaches [19]. Various efforts have been made to
use GIS in conjunction with multi-criteria decision-making techniques to select suitable
sites [20]. Incorporating multi-criteria decision analysis methods into GIS has resulted in
robust support for spatial decision-making systems, making it possible to quickly develop
maps of land suitability.

According to [21,22], climate-related factors mostly affect the environmental suitability
of Arabica coffee plantations. When assessing Arabica coffee’s ecological compatibility,
the MaxEnt and Analytical Hierarchy Process (AHP)-GIS approaches have proven reliable.
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In the past few decades, many land suitability assessment issues [18,23–28] have been
addressed using AHP and GIS-based land suitability analysis for various types of land
uses. On the other hand, no documentation is currently available regarding the degree of
deforestation in Ethiopia’s coffee-growing regions, and no successful mapping of these
coffee forests has been accomplished [29]. Thus, it is evident that no appropriate mapping
techniques have been created for the Ethiopian coffee forests. Moreover, there is little
available data on the dispersion of coffee plantations [1]. Hwang et al. [29] investigated the
effects of intensive management of coffee trees on ecological diversity and regeneration
using prospective satellite-based mapping, field photography, and tree survey methodolo-
gies. Moreover, several techniques for mapping coffee plantations were previously used by
researchers. These include pixel-based classification [30], object-based classification [31],
and hybrid classification [32]. However, these studies have limitations in mapping exact
coverage due to spectral mixing. Thus, it is challenging to develop universal mapping
techniques due to the unique characteristics of each research area and the agroforestry
strategies used in each location [33]. Though obtaining the spatial distribution of coffee
farmland and finding its land suitability are crucial for long-term coffee management [1],
the previous studies mentioned above did not consider the edaphological thematic factors
for Ethiopian coffee plantation suitability. Additionally, the mapping methodology using
Landsat images has limitations due to the spectral similarity of the canopy tree coverage.
Thus, to overcome the previous research limitations, the current study investigated the
coffee farm suitability in Gedeo agroforestry by considering the soil (edaphological) prop-
erties, such as soil texture, soil organic matter, soil pH, and soil cation exchange capacity,
in conjunction with metrological, environmental, and socioeconomic thematic factors. In
addition, the spatial coffee coverage was inspected by using the ground truth data and
sentinel SAR decibel (dB) value, which is not affected by spectral mixing.The 2021 LULC of
the heterogeneous land use in the Gedeo zone has been evaluated using the Sentinel 2-A
data. In comparison to pixel-based picture categorization, object-based mapping algorithms
have been shown to be effective at a variety of scales in the literature [34,35].

Observations on coffee productivity and plant stress, as well as responses from coffee-
growing communities, suggest that the effects of climate change are already having an
adverse impact [36]. Throughout the next few decades, Ethiopia’s coffee crop will continue
to be influenced and altered by climate change [21]. Accordingly, in the future, many
areas that are currently ideal for growing coffee will lose some of their suitability and,
in certain circumstances, become unsuitable. Conversely, a significant portion of land
that was previously unsuitable for coffee production will become suitable. Additionally,
throughout this century, several higher altitude regions will become more conducive to
coffee production. Resilience in the Ethiopian coffee industry will depend heavily on
migration to these regions. To this end, this research aimed to map coffee agroforestry
and identify land suitability for potential coffee-growing areas using integrated Sentinel
satellites, GIS, and the AHP method in the Gedeo zone of Ethiopia.

2. Materials and Methods
2.1. Description of the Research Area

The study area covers the entire Gedeo zone of the SNNPR region (Figure 1), which is
located 390 km far from Addis Ababa, the capital of Ethiopia. The overall study area covers
1356.2 km2 or 135,622.3 ha, which is bounded by longitudes of 38◦05′13′′ to 38◦26′19′′ E
and latitudes of 5◦50′8′′ to 6◦26′31′′ N. The research region lies between 1329 and 3088 m
above mean sea level, including a slight gradient to extremely sloping. The agro-ecological
region of the study area is classified as Dega, Woyina Dega, and Kolla [37].
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The mean monthly minimum and maximum temperatures are 18 ◦C and 25 ◦C,
respectively. According to [38], the mean yearly temperature in Gedeo zone is 20.6 ◦C,
which is ideal for growing coffee plantations. In similar study, majority of cultivators (87.8%)
in the Gedeo zone relied on rainfall because the region receives approximately 1129 mm of
precipitation annually, which is the ideal amount needed by coffee for healthy growth and
yield. However, 12.2% of the farms were using rivers and rainwater collection for additional
irrigation. In Ethiopia, the Gedeo zone is known as a highly densely populated area [39].
According to [37], approximately 1,541,522 people are living in the Gedeo zone overall, with
1,159,602 living in rural areas and 381,920 in urban areas. With the famous specialty coffee
brand “Yirgacheffe coffee” Gedeo is currently one of Ethiopia’s main coffee-producing
regions. Coffee cultivation serves as the main source of income for the local population.

2.2. Data and Software

This research used different data and software to map LULC, spatial coffee coverage,
and to identify land suitability for coffee growing. ArcGIS software is the product of
the Environmental Systems Research Institute (ESRI) (headquartered in Redlands, CA,
USA), which is a complete geospatial platform mainly containing ArcCatalog, ArcMap, and
Arctoolbox. Those components are used to manage, display, retrieve, analysis, and present
geospatial data for effective decision-making. A raster-based software program designed
especially for processing satellite images and extracting data is called ERDAS Imagine.
IMPACT-Toolbox is a user-friendly toolbox mainly used for multispectral image processing.
SNAP is a product of the European Space Agency, which is an open-source Sentinel
Application Platform, designed for sentinel image processing. The eCognition software is
mainly focused on image segmentation and classification processes. For the current study,
ArcGIS 10.5 was used for map preparation. ERDAS Imagine 2015, IMPACT-Toolbox 5.1,
and SNAP 7.0 were used for image processing. The eCognition Developer 9.01 was used for
image classification. Different types of data were gathered and organized for analysis using
both primary and secondary data sources (Table 1). ALOS PALSAR digital elevation model
(DEM) data with a spatial resolution of 12.5 × 12.5 m from Alaska facility wer employed to
extract elevation, terrain slope, terrain aspect, and distance to water network. The 30 years
(1991–2021) of temperature information such as annual mean maximum temperature,
annual mean minimum temperature, and average annual temperature were gathered from
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Ethiopia’s National Meteorological Agency. Climate Hazards Group InfraRed Precipitation
with Station (CHIRPS) provided the 30 years of mean annual rainfall data (1991–2021).
Recently, a gridded Soil Information System of Africa at 250 m resolution was created by
the Africa Soil Information Services (Wageningen, The Netherlands) (https://soilgrids.org)
project to display the spatial distribution of primary soil properties that are relatively stable.
These properties include the depth to bedrock, the texture of the soil, pH, and the contents
of coarse fragments, organic carbon, and exchangeable cations like Ca, Mg, Na, K, and
Al, as well as the corresponding cation exchange capacity (CEC) [40,41]. Sentinel images
(sentinel-1 and 2A) and Global Positioning System (GPS) information comprise the main
data. Integrated optical sentinel 2A cloud-free image and RADAR sentinel-1 were used to
prepare land-use/land-cover maps.

Table 1. Geospatial data used.

Major Data Source Resolution Purpose

Sentinel-2 Copernicus 10 m To generate LU/LC
Sentinel 1 Copernicus hub 10 m To map coffee coverage

ALOSE DEM Alaska facility 12.5 m, resampled to 10 m
To generate elevation, terrain

slope, terrain aspect, and distance
to water network

Rainfall (CHIRPS) Earth Resources Observation and
Science Center 5 km (resampled to 10 m) To derive mean annual rainfall

Temperature Ethiopian National Metrological
Agency

Interpolated and
resampled to 10 m

To derive annual mean maximum
temperature, annual mean

minimum temperature, and
average annual temperature

Soil texture Ethiopian Ministry of Agriculture 250 m (resampled to 10 m) To get soil texture map

Soil pH, Organic matter,
Cation exchange capacity

Africa Soil Information Services
https://soilgrids.org/ (accessed

on 1 September 2024)
250 m (resampled to 10 m)

To get Edaphalogical sub-factors
(soil pH, Organic matter, and

Cation exchange capacity)

Topographic map Ethiopian Space Technology and
Geospatial Institute 1:50,000 To obtain distance to road

network, and for Field guideline

The Sentinel-1A and Sentinel-1B SAR satellites were launched as part of the Copernicus
program to survey and monitor the topography of the earth and create practical applications
for studying the environment [42]. Sentinel-1 is a RADAR imaging satellite that collects
images at every moment of day and in any type of weather using a C-band SAR instrument
that works at a frequency of 5.405 GHz [13]. With a 10 m spatial resolution, these dual-
satellite constellations provide a six-day repeat frequency for every part of the world [14].
The acquisition modes that the Sentinel-1 can use are Interferometric Wide swath (IW),
Strip map (SM), Extra-Wide swath (EW), and Wave (WV). The Sentinel-1 images were
dual-polarized in both vertical transmit and vertical receive (VV) and vertical transmit and
horizontal receive (VH) modes [43]. This study used a Sentinel-1A SAR image that was
obtained on 21 January 2021, with the Ground Range Detection (GRD) product, IW mode,
VH polarization, and descending.

Sentinel-2A is a wide-swath, excellent quality, multispectral imagery mission, and aims
to examine the planet’s land surfaces thoroughly and methodically. Scholars in [14,43–45]
state that the Sentinel-2A image set consists of 13 spectral categories with spatial resolutions
of 10 m, 20 m, and 60 m. Sentinel-2’s spectral bands offer information for classifying
LULC [46]. For this study, cloud-free 8 January 2021 Sentinel-2A image was accessed
through the Copernicus scientific data hub and used for LULC classification. Because of
their resolution [13], Sentinel-2A’s bands of two, three, four, eight, eleven, and twelve were
chosen for stacking.

https://soilgrids.org
https://soilgrids.org/


Sensors 2024, 24, 6287 6 of 28

2.3. Data Processing

In order to ensure consistency, Xiong et al. [47] employed data from reputable sources
like government agencies, reputable research institutes, and satellite earth observation. The
current study used satellite and GIS axillary data from known sources, which were widely
applicable in prior studies. Then, data processing and standardization were performed.
Figure 2 presents the overall methodological flowchart for the study. Radiometric and
geometric corrections were applied on the acquired sentinel 1 and 2 images. In the sentinel
1 image, image calibration, speckle filtering, and geometric terrain correction were the
pre-processed stages used for this study. These preprocessing steps were performed using
the Sentinel Application Platform (SNAP 7.0) (Figure 3a). Previous works [13] explained
the sentinel 1 and 2 comprehensive preprocessing methods employed in this investigation.
The IMPACT-Toolbox 5.1 program is used to establish the common output projection and
resolution of Sentinel-2 data. Thus, this research has used IMPACT-Toolbox program,
and the closest-neighbor resampling while merging bands of different resolutions to pro-
duce an image with a maximum resolution of 10 m (Figure 3b). The Top of Atmospheric
Reflectance Byte was computed. Moreover, the climatological, edaphological, physio-
graphic, and socioeconomic factors were used on a similar coordinate system and pixel
size similar to the processed sentinel images. After data processing, extensive field visit
was performed, which was used to interpret remote sensing data. We interpreted the
different thematic layers separately and used them to map coffee spatial coverage and to
find coffee-growing suitability.
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2.4. Agro-Ecological Classification

Likely the most common way of arranging geographic space to comprehend current
and projected crop production is the use of agro-ecological zones [48]. Agro-ecological clas-
sification divides land-use types or production systems into comparatively homogeneous
units by using the biophysical characteristics of the soil, landscape, and climate. Based on
customary zone classifications that are frequently used by rural communities, Hurni [49]
established a set of agro-ecological zone categories for Ethiopia (Table 2). Mappable bound-
aries were placed on agro-ecological zones as a result of these classifications, which include
precise data related to elevation and precipitation (Figure 4a).
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Table 2. Agro-ecological classification [49].

Elevation (Meters above Mean Sea Level) Agro Ecology Class

<500 Berha
500–1500 Kolla
1500–2300 Weyina Dega
2300–3200 Dega
3200–3700 Wurch

>3700 High Wurch

2.5. Mapping of Coffee Potential Areas

Remote sensing classifiers often confuse agroforestry and plantations like coffee cover
with forest cover; this is because these land-cover classes often have similar spectral
signatures. The degree of difficulty and labor required to implement the coffee area
mapping technique reveals its level of complexity [6]. One reason for the paucity of
information regarding coffee cultivation locations and environmental effects is the difficulty
of mapping coffee using satellite imagery. Using SAR data is one method of overcoming
continual cloud cover. The texture (spatial variation) of SAR imaging varies in addition to
its intensity. Texture, a quantitative assessment of a pixel’s association with its neighboring
pixels, is frequently utilized to raise the standard of studies on land-use classification [50].
Regardless of its accuracy, most researchers have used Maximum Likelihood (ML) as a
parametric algorithm to map coffee plantations [51,52]. Given the variability of coffee
production systems and the complex landscape features of coffee systems, mapping coffee
extent necessitates careful consideration of the remote sensing analytical options. A Sentinel-
1/Sentinel-2 fusion strategy is a very effective technique [6]. The constraints posed by
optical vision in overcast locations can be mitigated with the increased availability and
coverage of data from SAR sensors [53]. The SAR signal is helpful for mapping coffee
AFS since it can reach the lowest vegetation layers. Considering this, the current study
estimated and mapped coffee coverage from Sentinel-1 data using dB values matched to
actual coffee coverage. The actual field data (coffee coverage) were overlaid on processed
Sentinel-1 data (Figure 4b), which were used to extract the raster value. The extracted
raster values ranged from −19.034781 to −10.773612 dB and were used as a threshold for
coffee mapping.

2.6. Preparation of Thematic Layers for Coffee Land Suitability

Preliminary processing, categorization, standardization, and reclassification of various
datasets were all a part of the data preparation procedures. Based on [54], the major
and subordinate factors that influence the growth of coffee plantations in Gedeo were
identified. Hierarchy levels of main criteria were constructed based on climatological,
edaphological, physiographic and socioeconomic factors. Those four main criteria were
split into 14 sub-criteria. We took into account the following sub-criteria for climatology:
mean annual rainfall, average annual temperature, mean lowest temperature and mean
maximum temperature. Texture, pH, Soil Organic Matter (SOM), and CEC were the
edaphological sub-criteria. The three sub-criteria of physiography used in this study were
aspect, slope, and elevation of the terrain. Sub-criteria of Land Use/Land Cover (LULC),
distance to the road network, and distance to the water network were the division of
the Socioeconomic main criteria. The sub-criteria were rearranged and assigned weights
into three categories based on the territory’s suitability standards [54,55]: “Suitable” (3),
“Subsuitable” (2) and “Unsuitable” (1) (Table 3).
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Table 3. Sub-criteria suitability thresholds (requirements) for coffee growing, adapted from [22,54–60].

Sub-Criteria/Criteria Suitable (3) Sub-Suitable (2) Unsuitable (1)

Climatological

Mean annual rainfall (mm) 1600–1800 1100–1600; 1800–2000 <1100; >2000
Average annual temperature (◦C) 18–23 15–18; 23–26 >26; <15

Annual mean min temperature (◦C) >18 10–18 <10
Annual mean max temperature (◦C) <25 25–30 >30

Edaphological

Texture (texture class) L, SCL,SiCL CL, SL, SC, SiL, SiC S, C, Si, LS
pH 5–6.5 4.5–5; 6.5–7.5 <4.5; >7.5

SOM (%) >3 2–3 <2
CEC (cmol+/Kg) >25 15–25 <15

Physiographic

Elevation (m a.s.l.) 1400–1800 900–1400; 1800–2500 <900; >2500
Terrain slope (%) 0–12 12–25 >25

Terrain aspect N, NE, NW E, W S, SW, SE

Socioeconomic

LULC Agroforestry Farmland, grassland Forest, settlement, wetland
Distance to water network (km) 0–1 1–5 >5
Distance to road network (km) 0–2 2–5 >5

2.6.1. Physiographic Thematic Layers
Elevation

Geographical locations have proven crucial for the cultivation and production of
coffee [22]. According to Zhang et al. [22], the main variable affecting the quality of Arabica
coffee is altitude. High-altitude regions have a protracted coffee growth cycle due to
their wide diurnal temperature fluctuations. Extreme elevation could result in a drop in
temperature and rainfall, which would be adverse to the development of coffee [30]. The
study region is elevated between 1329 and 3088 m above mean sea level (Figure 5a,d). The
topographic complexity in the study area poses difficulties in the interpretation of remote
sensing data and land suitability analysis.

Slope and Aspect

The land’s slope significantly influences the amount and speed of water runoff
(Figure 5b,e). According to Hidayat et al. [61], a steeper slope results in increased flow
speed, which in turn reduces water penetration into the ground. The rate at which nutrients
are utilized, soil respiration, and soil depth are all affected by the slope [22]. Consequently,
a gentle gradient is a better place to produce Coffea arabica. The temperature and duration
of light are primarily affected by the slope direction [22]. The bright, semi-shaded, and
semi-sunny slopes are ideal for growing Arabica coffee (Figure 5c,f).

2.6.2. Edaphological Thematic Layers

Soil properties are very important for the growth and development of coffee [22]. The
edaphological thematic layers considered for the current study include soil texture, soil
organic matter, soil pH, and soil cation exchange capacity (Figure 6).
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According to Zhang et al. [22], soil type and soil texture mainly affect the root extension
and drainage of coffee. The most suitable soil textures are sandy loam and sandy clay loam,
which are loose, aerated, and permeable [62]. The types of soil texture in the Gedeo zone
include clay, loam, and sandy loam (Figure 6a), with most of the area covered by sandy
loam (Table 4). The reclassified soil texture for coffee plantations is presented in Figure 6b.

Table 4. Soil texture and study area coverage.

Soil Texture Type Area (km2)

Clay 71.86
Loam 382.87

Sandy Loam 901.4
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organic matter, (d) Reclassified soil organic matter, (e) Soil pH, (f) Reclassified soil pH, (g) CEC,
(h) Reclassified CEC.
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Soil Organic Matter

Soil organic matter (SOM) can be defined as entirely organic supplies found in soil
that are part of or have been part of living organisms [63]. Organic C content may vary due
to differences in the type and amount of vegetation on the land. The low organic content
indicates the low production of organic matter [64]. The development of coffee plants
and their leaves’ net photosynthetic velocity were determined by the amount of organic
matter present [22]. The research area’s SOM varies from 0% to 6% (Figure 6c). The SOM is
reclassified into suitable, sub-suitable, and unsuitable for coffee plantation (Figure 6d).

Soil PH

In both controlled and unmanaged environments, soil pH is a key variable in the
field of soil science that represents the relative acidity or alkalinity of the soil [65]. Due to
its master variable status and pivotal role in numerous soil processes, knowledge of the
spatial variation of soil pH is essential for a wide range of stakeholders in various scientific
domains [66]. The soil in Gedeo zone province was mainly acidic with a pH range of 0–7
(Figure 6e). The reclassified soil pH is depicted in Figure 6f.

Cation Exchange Capacity (CEC)

The CEC is the soil’s ability to retain positively charged ions. The main reason soils
have a CEC is that the organic matter and clay particles in the soil have a tendency to be
negatively charged. Plant nutrient availability and retention in the soil are predicted by
CEC, a key soil characteristic. Cation exchange takes place on the surfaces of clay minerals,
organic matter, and roots, which is why soil CEC normally rises with increasing clay content
and organic matter. In comparison to acidic circumstances, soil OM will generate a higher
CEC at nearly neutral pH (pH-dependent CEC). As a result, adding organic material will
probably cause a soil’s CEC to gradually rise. The CEC in the study area ranges from 0 to
43 (Figure 6g) cmol+/kg, which categorized clay and clay loam texture. The majority of the
CEC in the study falls into the suitable and sub-suitable categories, respectively (Figure 6h).

2.6.3. Climatological Thematic Layers
Rainfall

The effects of climate change on the amount and quality of coffee produced have re-
cently attracted attention because they have not been taken into account in past studies [67].
Rainfall is crucial to the development of coffee [22]. According to Laderach et al. [68],
excessive rainfall causes flower drop and fruit impairment, while insufficient rainfall causes
drought and decreased yield. The 30 years (1991–2021) mean annual rainfall at Gedeo zone
ranges from 1093.02 to 1667 mm (Figure 7a). Most rainfall coverage in the current research
zone was a sub-suitable range for coffee plantation. Areas around Yirgacheffe are the most
suitable, and edge of the southern part is unsuitable for coffee plantation (Figure 7b).

Temperature

One significant climatic aspect that affects how coffee plants grow and develop is
temperature [61]. Arabica coffee grows well in the highlands with optimal temperatures
between 150 and 240 degrees Celsius (◦C) [61]. However, the coffee tree was vulnerable to
agricultural climatic disasters such as extreme cold and heat [22]. The right atmosphere was
one of the main elements ensuring coffee’s regular growth. When the daily low falls below
0 ◦C, the coffee tree will suffer freezing harm and eventually die. If the maximum daily
temperature is too high, the coffee leaves will fade and wither, which will be bad for flower-
ing and fruiting [69]. Similar to Nigussie et al. [13], the temperature maps (1991–2021) were
created in ArcGIS by using the Inverse Distance Weighting (IDW) interpolation method
on data from six rain gauge-stations (Table 5; Figure 7c,e,g). The average annual tempera-
ture, annual mean maximum temperature, and annual mean minimum temperature are
reclassified based on coffee plantation suitability criteria (Figure 7d,f,h).
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Table 5. Annual mean minimum and maximum temperature.

Metrological Station Elevation Lat Long Annual Mean Min Temp (◦C) Annual Mean Max Temp (◦C)

Dilla 1515 6.380556 38.30694 12.7 28
Fiseha Genet 2240 6.0667 38.18333 12.1 22
Yirga Chefe 1856 6.150667 38.202 10.4 24.5

Hagere Selam 2809 6.49 38.52 7 19.2
Gedebe 2245 5.905667 38.2395 11.9 22.02

2.6.4. Socioeconomic Thematic Layers
LULC

Land use maps are a crucial planning tool for decision-makers because they show
the geographical distribution of human settlements, cultural landscapes, and natural
resources [70]. The OBIA technique performs better in terms of classification accuracy
for high and very high resolutions than the pixel-based technique [71]. Segmentation
creates the picture objects used in the grouping process in OBIA, which is always the
initial phase of any process in the eCognition development. The segmentation of image
information into things at different scales is a component of the OBIA approach. Scale,
form, and compactness are taken into account while segmenting the basic objects in an
image [71]. Resulting from the image segmentation procedure, one of the algorithms in
OBIA that is most frequently employed is multiresolution segmentation. For a specific
resolution of image objects, the multi-resolution segmentation algorithm (MRS) locally
reduces the average heterogeneity of picture objects. It can be put into action at the pixel
level to create new picture objects on a new image object level or on an existing image
object level. Based on settings like scale, color, and shape, smaller things are combined
into larger objects during the process. The estimation of scale parameter (ESP) tool was
utilized in this work to reduce trial and error, which is crucial for determining the scale
parameter [8,72]. Currently, OBIA uses high-quality imageries like those from Sentinel-
2 [73]. Using the nearest neighbor classification technique and OBIA, six land-use classes
were produced from the Sentinel-2 image. The accuracy of the categorization was compared
in the classification report using the ground truth data. An overall degree of precision
of 88.18% was succeeded, with a Kappa coefficient of 0.86. As illustrated in Figure 8a
and Table 6, agroforestry was the leading LULC type, making up 44.54% of the research
site followed by farmland (41.34%), forest (7.33%), settlement (4.85%), wetland (1.22) and
grassland (0.72%). From these LULC types, agroforestry was suitable for coffee plantation.
Farmland and grassland were reclassified as sub-suitable for coffee farming; and all other
LULC types were reclassified as unsuitable (Figure 8d).

Table 6. LULC areas for the reference year 2021 of the study areas.

LULC Types 2021
Area (sq km) %

Farmland 560.6 41.34
Agroforestry 604.1 44.54

Forest 99.4 7.33
Grassland 9.8 0.72
Settlement 65.8 4.85
Wetland 16.5 1.22

Total 1356.2 100
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Distance to Road and River

Euclidian distance to road (Figure 8b) and river (Figure 8c) were derived and reclas-
sified based on their impact for coffee plantation. The potential decreases as distance
increases from road (Figure 8e), and river (Figure 8f).

2.7. Analytic Hierarchy Process

The analytical hierarchy process (AHP) is the supreme well-known approach for
weighing and rating locations in order to select a suitable site. AHP is a decision-constructing
assistance technique that allows an alternative solution to be selected from a list of pos-
sibilities [74]. The dynamic model is specifically designed to tackle the real problem of
the research area, which is selecting a suitable location from a range of options. After the
datasets were reclassified, the AHP generated a matrix of pairwise contrasts so that every
criterion could be contrasted with the others [75]. This method establishes a hierarchy of
criteria for making decisions by comparing each pair of objects represented as a matrix.
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Analyzing ecological appropriateness requires calculating and evaluating the influence and
relative relevance of numerous variables [22]. Decision-making using multiple criteria is an
indispensable technique for ecological appropriateness localization, and it has a remarkable
structure and accuracy of decision-making. Pair comparison simplifies the computing
process. The method has been widely applied in conjunction with GIS in crop ecological
suitability studies [76]. In this study, AHP verified the relative importance of metrological,
edaphic, physiographic, and socioeconomic factors. Using AHP and GIS together, three
categories of suitable, sub-suitable, and unsuitable sites were identified. Thus, the crop’s
ecological adaptability was verified.

To ascertain each criterion layer’s relative value, reclassification and ranking were
carried out [13]. As a result, the conclusion was influenced by the reclassified criteria
layers through a quantitative rank. The weight assignment for the criterion layers was
performed using the pairwise comparison approach. The researcher’s expertise and inter-
views with different experts were used to create the pairwise comparison matrices [13].
Nigussie et al. [13] and Maulana and Kana [77] state that the AHP approach for determin-
ing potentiality consists of four core phases. The first stage is to choose the criteria and
sub-criteria. The next phase is to establish a hierarchical arrangement. Creating a matrix
of pairwise comparisons depending on the relative weights of each criterion is the third
stage. Completing the matrix calculation and verifying its consistency is the fourth step.
A nine-point rating system was applied, following [78,79] guidelines, where 1 indicated
that the compared criteria had equal weight and 9 indicated that one criterion was highly
important in contrast to the other.

The upper and lower criteria of the hierarchical decision model were ranked using
Sat’s nine-point rating system. The determination of the scale for every element involved
examining real-world problems and accounting for the ways in which each criterion
influenced the suitability of the coffee land. At each level, pairs of matrix elements were
compared to determine how important each element is to the component of the subsequent
higher level. Pairwise comparison square matrixes were created by starting at the top of
the hierarchy and working down so that each of the matrix’s elements is positive as given
in Equation (1).

A = [aij] =


a11 a12 . . . a1n
a21 a22 . . . a2n

. . . . . . . . .
an1 an2 . . . ann

 (1)

Such that [aij] > 0.
The square matrix’s diagonal components are always 1 due to the uniform weight of

the factors. As a result, the factors should be compared to each other in order to create
the upper and lower triangular matrices. In general, the reciprocity property of a matrix
is represented in mathematical terms n(n−1)

2 for a pairwise comparison matrix with n
elements. Using Equation (2), the lower triangular matrix is completed.

aji =
1

aij
(2)

Next, each column’s components are added together, and each column’s section is
divided by the total of its component columns to obtain the normalized relative weight [78],
using Equation (3).

W∗ =
aij

∑n
i=1 aij

(3) (3)

W∗ is the normalized weight and n is the number of items in a column.
Subsequently, averaging the normalized relative weights in a row for each class within

a factor associated with higher hierarchy yields the weights of the pairwise matrix as given
in Equation (4).
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W =
∑n

j=1(W∗)ij
n

(4)

for all i = 1, 2 . . . n.
Based on [78,79], the consistency ratio (CR) was evaluated using the ratio of consistency

index (CI) and random consistency index (RI).
The overall weight of each criterion layer was calculated by multiplying the weight of

a factor in the lower level by the weights of the elements in the upper level. For example,
the overall weight of mean annual rainfall was computed by the product of the weight of
climatological and weight of mean annual rainfall.

Identification of potential areas for coffee plantation based on Criteria Weights.
According to [13], the reclassified factors are merged by utilizing a weight to each

continued by a summation of the results. For the current study, potential areas for coffee
plantations were derived based on reclassified factors and the weight of each factor.

PACP = ∑ wixi,

where PACP is Potential areas for the coffee plantation, wi is the weight of the factor i and
xi is the criterion score of the factor i.

3. Results
3.1. Identified Coffee Spatial Coverage

The current estimated coffee coverage from Sentinel-1 data in the Gedeo zone is
583 km2 (Figure 9). Most of the northwestern and southern parts of the Gedeo zone are
covered by coffee vegetation. Coffee plantations largely cover the Weyina Dega agro-
ecological zone in the research area. Dilla Zuria, Yirgacheffe, and Gedeb are the main
known coffee coverage areas. In the rugged topography of Gedeo zone, coffee did not
cover the eastern Dega agro-ecological zone. However, in the southern Dega part, field
observations and actual mapped coffee have shown the existence of some coffee farms.
The collected ground truth data from coffee farm sites were correlated with mapped
coffee coverage.
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3.2. AHP-Based Derived Weights for Coffee Suitability

The pairwise comparison matrix of main factors (climatology, edaphic, physiographic
and socioeconomic) is illustrated in Table 7A. This is because not all main factors and
sub-factors can equally influence the selection of potential sites for coffee growing. The
weights of primary factors (Table 7C) were computed using a normalized matrix obtained
in Table 7B. Based on weighted sum and priority, λmax was 4.08. The computed CI results
are 0.0267. Then, the CR was 0.029. Pairwise analysis of the primary criteria in the upper
hierarchy (Table 7A) indicates that climatology is more important than the other three
primary components.

Table 7. Comparison matrix, normalized matrix, and priorities of main factors.

A. Pairwise comparison matrix of main factors

Coffee
Potential Climatology Edaphic Physiographic Socioeconomic

Climatology 1 5 4 5
Edaphic 1/5 1 3/2 3/2

Physiographic 1/4 2/3 1 2
Socioeconomic 1/5 2/3 1/2 1

Sum 1.65 7.333 7 9.5

B. Normalized matrix of main factors

Coffee
Potential Climatology Edaphic Physiographic Socioeconomic Sum

Climatology 0.606 0.682 0.571 0.526 2.385
Edaphic 0.121 0.136 0.214 0.158 0.629

Physiographic 0.151 0.091 0.143 0.21 0.595
Socioeconomic 0.121 0.091 0.071 0.105 0.388

C. Priorities (Weights) of main factors

Coffee
Potential Climatology Edaphic Physiographic Socioeconomic Sum Weight

Climatology 0.606 0.682 0.571 0.526 2.385 0.60
Edaphic 0.121 0.136 0.214 0.158 0.629 0.16

Physiographic 0.151 0.091 0.143 0.21 0.595 0.15
Socioeconomic 0.121 0.091 0.071 0.105 0.388 0.09

Upon further analysis of the pairwise comparisons of the primary criteria (Table 7A),
it is evident that climatology is the most significant factor, with a weight of 0.66 (Table 7C).
This high weight is justified, as climatic conditions play a critical role in Ethiopia’s coffee
belts. The next most important factor is the edaphic component, with a weight of 0.16,
which is essential for coffee growth and development, particularly in terms of root extension
and soil drainage. The physiographic and socioeconomic factors were assigned weights
of 0.15 and 0.09, respectively, and their influence on coffee-growing suitability is also
discussed in greater depth.

Metrological, Edaphic, Physiographic, and Socioeconomic Sub-Factors

The comparison matrix, normalized matrix, and priority weight of the meteorological,
edaphic, physiographic, and socioeconomic sub-factors are illustrated in Table 8. Table 8A
presents the pairwise comparison matrix of metrological sub-factors. Based on the nor-
malized matrix of metrological sub-factors (Table 8B), priority weights of metrological
sub-factors were derived. As shown in Table 8C, average annual temperature is the primary
factor with a weight of 0.39 followed by mean annual rainfall (0.27). The derived weight
for the annual mean maximum and minimum temperature was 0.21 and 0.13, respectively.
Based on the given pairwise comparison matrix of edaphic sub-factors (Table 8D), the
normalized matrix (Table 8E) and priority weight of edaphic sub-factors (Table 8F) were
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computed. Since the growth of coffee is controlled by soil pH and texture, soil pH is the
dominant factor, followed by soil texture in the edaphic sub-criteria and their weights were
0.37 and 0.28, respectively. The weights computed for CEC and SOM were 0.2 and 0.15,
which contributed less weight to identifying potential coffee plantation areas. In the third
main factor, pairwise comparison matrixes of physiographic sub-factors were presented
in Table 8G. After computing normalized matrix (Table 8H), the weight of physiographic
sub-factors were derived (Table 8I). In the physiographic sub-criteria, elevation contributed
the dominant factor followed by slope and aspect, with their computed weights of 0.65,
0.21, and 0.14, respectively. The fourth pairwise comparison matrix is the socioeconomic
sub-factors, presented in Table 8J. The priority weights of socioeconomic sub-factors were
calculated (Table 8L) based on normalized matrix of socioeconomic sub-factors (Table 8K).
In the socioeconomic factors, LULC was the dominant factor weight (0.6), followed by
distance to roads (0.23) and rivers (0.17).

Table 8. Comparison matrix, normalized matrix, and priority weight of the metrological, edaphic,
physiographic, and socioeconomic sub-factors.

A. Pairwise comparison matrix of metrological sub-factors

Coffee Potential Mean Annual
Rainfall

Average Annual
Temp

Annual Mean
Min Temp

Annual Mean
Max Temp

Mean annual rainfall 1 2/3 2 3/2
Average annual temp 3/2 1 3 2

Annual mean min temp 1/2 1/3 1 2/3
Annual mean max temp 2/3 2/3 3/2 1

Sum 3.667 2.667 7.5 5.167

B. Normalized matrix of metrological sub-factors

Coffee Potential Mean annual
rainfall

Average annual
temp

Annual mean min
temp

Annual mean max
temp Sum

Mean annual rainfall 0.273 0.25 0.266 0.29 1.079
Average annual temp 0.409 0.375 0.4 0.387 1.571

Annual mean min temp 0.136 0.125 0.133 0.13 0.524
Annual mean max temp 0.182 0.25 0.2 0.193 0.825

C. Priority weight of metrological sub-factors

Coffee Potential Mean annual
rainfall

Average annual
temp

Annual mean min
temp

Annual mean max
temp Sum Weight

Mean annual rainfall 0.273 0.25 0.266 0.29 1.079 0.27
Average annual temp 0.409 0.375 0.4 0.387 1.571 0.39

Annual mean min temp 0.136 0.125 0.133 0.13 0.524 0.13
Annual mean max temp 0.182 0.25 0.2 0.193 0.825 0.21

D. Pairwise comparison matrix of edaphic sub-factors

Coffee Potential pH texture CEC SOM

pH 1 1.5 2 2
texture 0.667 1 1.5 2

CEC 0.5 0.667 1 1.5
SOM 0.5 0.5 0.667 1
Sum 2.667 3.667 5.167 6.5

E. Normalized matrix of edaphic sub-factors

Coffee Potential pH texture CEC SOM Sum

pH 0.375 0.409 0.387 0.308 1.479
texture 0.25 0.273 0.29 0.308 1.121

CEC 0.188 0.182 0.193 0.231 0.794
SOM 0.188 0.136 0.129 0.154 0.607
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Table 8. Cont.

F. Priority weight of edaphic sub-factors

Coffee Potential pH texture CEC SOM Sum Weight

pH 0.375 0.409 0.387 0.308 1.479 0.37
texture 0.25 0.273 0.29 0.308 1.121 0.28

CEC 0.188 0.182 0.193 0.231 0.794 0.2
SOM 0.188 0.136 0.129 0.154 0.607 0.15

G. Pairwise comparison matrix of physiographic sub-factors

Coffee Potential Elevation Slope Aspect

Elevation 1 3 5
Slope 1/3 1 3/2

Aspect 1/5 2/3 1
Sum 1.533 4.667 7.5

H. Normalized matrix of physiographic sub-factors

Coffee Potential Elevation Slope Aspect Sum

Elevation 0.652 0.643 0.667 1.962
Slope 0.217 0.214 0.2 0.631

Aspect 0.13 0.143 0.133 0.406

I. Priority weight of physiographic sub-factors

Elevation Slope Aspect Sum Weight

Elevation 0.652 0.643 0.667 1.962 0.65
Slope 0.217 0.214 0.2 0.631 0.21

Aspect 0.13 0.143 0.133 0.406 0.14

J. Pairwise comparison matrix of socioeconomic sub-factors

Coffee Potential LULC Distance to road Distance to river

LULC 1 3 3
Distance to road 1/3/ 1 3/2
Distance to river 1/3/ 2/3/ 1

Sum 1.667 4.667 5.5

K. Normalized matrix of socioeconomic sub-factors

Coffee Potential LULC Distance to road Distance to river Sum

LULC 0.6 0.643 0.545 1.788
Distance to road 0.2 0.214 0.273 0.687
Distance to river 0.2 0.143 0.182 0.525

L. Priority weight of socioeconomic sub-factors

LULC Distance to road Distance to river Sum Weight

LULC 0.6 0.643 0.545 1.788 0.6
Distance to road 0.2 0.214 0.273 0.687 0.23
Distance to river 0.2 0.143 0.182 0.525 0.17

3.3. Overall Weight of Thematic Layers

The final weight of each thematic factor was computed by multiplying the main
factor weight with each sub-factor weight (Table 9). The highest weight in the main factors
contributed to having the highest final weight for the associated sub-criteria. Climate, as the
primary factor, has the highest weight of 0.6, which was used to compute the final weights
of its sub-factors. For example, the final weight of average annual temperature (0.234)
was calculated by multiplying the climate weight (0.6) by the weight of average annual
temperature (0.39). In addition to presenting the data, we have analyzed what the weights
imply for coffee suitability. For instance, the high weight of climate factors, particularly
average annual temperature and mean annual rainfall, emphasizes the importance of
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climatic conditions in determining coffee plantation suitability. These factors dominate
because they directly affect the growing conditions essential for coffee production in the
region. Other factors like elevation and soil pH also play a critical role, as they influence
the microclimate and soil properties, which are essential for coffee development. As shown
in Table 9, the CR value for all main factors and sub-factors is less than 0.1, indicating that
the AHP matrix used for this study is reasonably consistent. This consistency allows us to
confidently proceed with the decision-making process to identify potential areas for coffee
plantations. The final computed weights reveal that the most dominant factors for coffee
suitability are average annual temperature, mean annual rainfall, and elevation, followed
by other factors such as soil pH, LULC, and distance to roads and rivers.

Table 9. Final weight of thematic factors.

Main Factor Weight CR Factor Weight CR Final Weight %

Climate 0.6 0.029

Mean annual rainfall 0.27 0.03 0.162 16.2
Average annual temperature 0.39 0.03 0.234 23.4

Annual mean min temperature 0.13 0.03 0.078 7.8
Annual mean max temperature 0.21 0.03 0.126 12.6

Edaphic 0.16 0.029

pH 0.37 0.008 0.0592 5.92
Texture 0.28 0.008 0.0448 4.48

CEC 0.2 0.008 0.032 3.2
SOM 0.15 0.008 0.024 2.4

Physiographic 0.15 0.029
Elevation 0.65 0.001 0.0975 9.75

Slope 0.21 0.001 0.0315 3.15
Aspect 0.14 0.001 0.021 2.1

Socioeconomic 0.09 0.029
LULC 0.6 0.01 0.054 5.4

Distance to road 0.23 0.01 0.0207 2.07
Distance to river 0.17 0.01 0.0153 1.53

Total 1 100

3.4. Identified Coffee Plantation Potential Land Suitability

Coffee potential locations within the research area were identified using the fourteen
reclassified thematic layers and their respective percentage of influence. The identified
coffee potential areas (Figure 10) showed that the suitable areas for growing coffee were
located in the northwestern part of the study area. This followed a pattern as many input
conditions proved appropriate, in which the average annual temperature and mean annual
rainfall are the primary factors, followed by annual mean maximum temperature, elevation,
annual mean minimum temperature, soil pH, LULC, soil texture, CEC, slope, SOM, aspect,
distance to roads, and distance to water, respectively. Most sub-suitable areas were found
in the southern and central south-north parts of the study area. It was also observed that
unsuitable areas existed in the eastern and southern Dega parts of the research site. The
suitable and sub-suitable coffee-growing potentials accounted for 25.6% and 44% of the
total study area, respectively (Figure 10, Table 10). The unsuitable districts accounted for
30.4% of the overall area. The collected coffee farm data were overlaid on the identified
coffee potential area (Figure 11) and showed that most of them align with suitable, and
some with sub-suitable potential. This demonstrated that the method was convincing for
identifying potential coffee plantations.

Table 10. Area coverage of identified potential coffee plantation.

Potential Areas for Coffee Area (km2) Area (%)

Unsuitable 413 30.4
Sub-suitable 596.1 44

Suitable 347.1 25.6
Total 1356.2 100
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4. Discussion

Most of the time, qualitative and quantitative data have been used to determine the
coverage of Ethiopian coffee instead of mapping spatially where the exact coffee forest
is situated [80]. Mapping coffee plantations using satellite imagery is challenging due to
spectral similarities with other plantations. Thus, the classification scheme for mapping
coffee plantations requires a proper understanding of the data used in the field. Sentinel-1
is crucial to map shaded coffee coverage, due to its ability to penetrate shaded agroforestry
coverage. In the current study, using field data and sentinel-1, the mapped coffee coverage
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is 583 km2 mainly situated in the northern and southern regions. Coffee experts and
farmers stated that the climate change in the site area influenced the adaptation of coffee
plantations. In complicated topographies with diversified landscapes and somewhat higher
elevations, coffee is primarily produced on small farms [81,82]. In rugged topography of
Gedeo zone, the identified coffee coverage is mostly located in elevation ranges of 1500
to 2300 m above mean sea level. Improved production and livelihoods for smallholder
farmers depend on the identification of suitable agro-ecological zones and an awareness of
climate-related challenges [83]. Finding suitable sites for agricultural practices is vital to
increasing food and cash crop production. To promote successful and productive planning
and land-use management procedures, land can be divided according to its suitability for a
particular purpose [84]. Using 14 thematic layers from climatic, edaphic, physiographic,
and socioeconomic elements, this study has analyzed and identified viable areas for coffee
plantations. Coffee’s development and growth are largely influenced by temperature [22].
In Ethiopia, the annual average temperature has increased by 0.32 ◦C every decade, while
rainfall has declined by 5% to 20% [21,60]. As a result, the frequency of droughts has
increased, making less land suitable for growing Arabica coffee.

The current study considers the 30-year temperature and rainfall climatic layers as
the dominant factors for coffee plantation land suitability. The mean annual rainfall of the
Gedeo zone ranges from 1093.02 to 1667 mm, of which 1600–1667 mm and 1100–1600 mm
contributed to suitable and sub-suitable coffee plantations, respectively. The average annual
temperature ranges from 16.95 to 20.35 ◦C, with 18–20.35 ◦C and 15–18 ◦C thresholds
subsidized for suitable and sub-suitable potential for coffee plantations. Elevation in the
physiographic elements had the highest impact on the ecological adaptability of coffee
plantation [22]. Similarly, this study also used elevation as the greatest influence on the
physiographic factor. The elevation of the Gedeo zone extends from 1329 to 3088 m above
mean sea level. In the study area, suitable altitude ranges are 1400–1800 m, and sub-suitable
elevation ranges are 1329–1400 m and 1800–2500 m. The unsuitable altitude ranges for
coffee farming are 2500–3088 m.

At a 250 m spatial resolution and a 0–30 cm depth interval, spatial predictions of
the macro- and micronutrient levels of soil were made for Sub-Saharan Africa [41]. The
optimum pH for Coffea arabica is 5–6.5 [22]. Soil pH is the most influential layer among
the edaphic factors. Mostly, the soil pH in the Gedeo zone is acidic, ranging from 0 to 7.
Suitable pH for coffee plantations ranges from 5 to 6.5, and sub-suitable pH ranges from
4.5 to 5 and 6.5 to 7. Sandy loam and sandy clay loam soil textures are the most suitable for
coffee plantations [62]. In the current study, loam and sandy loam contributed to suitable
and sub-suitable potential coffee plantations. In the socioeconomic sub-factors, LULC
is the dominant factor contributing to the identified potential area for coffee plantations.
Agroforestry and farmland are suitable and sub-suitable for potential coffee growing. As
the distance from roads and rivers increases, the potential for coffee growing decreases.
The AHP-GIS approach has been extensively utilized in diverse investigations, such as
eco-environmental relationships, agricultural land categorization, groundwater potential
mapping, risk management analysis, regional evaluation, and ecological appropriateness
studies of various crops [13,57,85]. For the present research, the AHP model was used to
derive the relative weight of each of the 14 thematic layers. A weight was assigned to each
of the reclassified criteria, and the results were then combined, yielding coffee plantation
potential land suitability, which was classified as unsuitable (30.4%), sub-suitable (44%),
and suitable (25.6%). Although mapping spatial coffee coverage is challenging, coffee
production has a significant role in national politics and the economy of coffee-growing [86].
The Ethiopian government recently plans to invest billions of Birr for managing coffee
plantations. In the current study site, the government established institute of coffee center
at Yirgachefe. As primary research, this study has a significant role in showing the actual
coffee coverage and prioritizing potential areas for coffee plantations in diverse topography
and heterogeneous agroforestry region of Gedeo zone. Comparisons between the model
findings of coffee suitability maps and the locations of currently operating coffee farms
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were necessary for validation [84]. Similar to Rono and Mundia [84], this study’s result of
the identified coffee plantation potential land suitability was validated by using field coffee
farm sites. The collected coffee farm sites were overlaid on identified coffee potential areas,
and all of them matched with identified sub-suitable and suitable potential areas.

Previous research, such as [32], used Landsat images with supervised classification
for LULC derivation and coffee plantation mapping, resulting in lower accuracy than
the current study’s results and verifications. Similarly, Mukashema et al. [87] used high-
resolution aerial orthophotos for coffee mapping, producing quality results based on
ground truth data verification. Studies like [32,33] have conducted comparative analyses
for coffee mapping and LULC classification techniques, showing that high-resolution
images like Sentinel-1 and Sentinel-2, as used in our study, provide more effective results
for coffee mapping and LULC studies. These findings are in line with the results of this
study. Consistent with the findings of [22,54–56], which worked in different study areas, the
coffee suitability results of this study are predominantly located in the Weyina Dega region,
where optimum rainfall and temperature conditions for coffee cultivation are present. This
reinforces the reliability of the methods employed in this study and demonstrates that they
are acceptable for broader application.

Machine learning techniques, such as the random forest algorithm, are crucial for un-
derstanding how various influencing factors relate at different spatial scales [88]. However,
this study did not employ machine learning, as the verification using ground truth data
from coffee farms demonstrated that the methodology and outcomes corresponded well
with the actual conditions. Future research should build on this approach by incorporating
machine learning methods to improve the selection of suitable areas for coffee cultiva-
tion. One limitation of this study is the lack of validation for edaphological sub-factors
through laboratory tests. Furthermore, constraints related to the coffee market and policy
orientations were not considered. Thus, we recommend that future studies build upon
the approach used in this study by incorporating machine learning methods, laboratory
validations of edaphological factors, and accounting for market and policy constraints to
enhance the selection of suitable areas for coffee cultivation.

5. Conclusions

This study aimed to map coffee spatial coverage and identify land suitability for coffee
plantations in the diverse topography and heterogeneous agroforestry region of the Gedeo
zone. The challenge of mapping coffee farms stems from the spectral similarity between
coffee plantations and other types of farmland, making it difficult to differentiate coffee
areas using satellite imagery alone. To address this, we integrated multispectral (Sentinel-2)
and SAR (Sentinel-1) remote sensing data with GIS and the Analytical Hierarchy Process
(AHP). This combination proved to be an effective, practical, and economical approach for
mapping shaded coffee areas and identifying potential land suitable for coffee plantations.
In this study, the estimated coffee coverage was 583 km2. Fourteen thematic factors were
used to derive land suitability for coffee plantations. The AHP method was particularly
useful for assessing the relative importance of these factors. The consistency ratio (CR)
of 0.029 was within the acceptable range, reinforcing the reliability of the analysis. The
weight comparison of thematic factors indicated that average annual temperature, mean
annual rainfall, annual maximum temperature, elevation, annual minimum temperature,
soil pH, and LULC were the most significant factors influencing potential coffee plantation
suitability. Secondary factors included soil texture, CEC, slope, SOM, aspect, and proximity
to roads and rivers.

Using the weighted linear combination based on the reclassified values of the 14 the-
matic layers, we identified the suitable areas for coffee cultivation. The results show
that 30.4% of the area is unsuitable, 44% is sub-suitable, and 25.6% is suitable for coffee
cultivation. Most of the suitable and sub-suitable areas are located in the Woina Dega
agro-ecological zone, where favorable climatic conditions and agroforestry LULC types
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prevail. In contrast, the eastern Dega part of the Gedeo zone (Rape and Bule district) is
unsuitable for coffee cultivation.

Ground truth data from coffee farms were used to verify the results, confirming
that the methodology and suitability analysis closely matched the actual conditions on
the ground. This study provides detailed spatial information that can guide farmers,
agricultural extension workers, and government officials in selecting optimal locations for
coffee production. The findings are particularly valuable for farmers, investors, researchers,
and NGOs interested in cultivating coffee in the Gedeo zone. Focus should be directed
toward the suitable and sub-suitable areas identified in the study. Finally, since mapping
existing coffee coverage is crucial for investors and exporters, shaded coffee areas should
continue to be mapped using active Sentinel-1 data. Future studies should incorporate
additional restrictions, such as market conditions, policy orientations, and laboratory
validation of soil characteristics, to refine the process of identifying suitable areas for
coffee plantations.

Author Contributions: The design and conception of the study were contributions from all authors.
W.N. (Wondifraw Nigussie), H.A.-N., W.Z., E.Y., W.N. (Worku Nega), Z.Z. and B.K. prepared the
materials, collected and analyzed the data, and verified the results in the field. All contributors
provided feedback on the first draft of the manuscript. The final manuscript was edited, read, and
approved by all authors. Funding acquisition was prepared by B.K. All authors have read and agreed
to the published version of the manuscript.

Funding: This research received no external funding.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: Derived data supporting the findings of this study are available from
the first author on request.

Acknowledgments: This research was materially supported by Dilla University in Ethiopia. The
authors would like to acknowledge both the Copernicus hub and the Earth Resources Observation
and Science Center for providing access to sentinel images and CHIRPS data free of charge.

Conflicts of Interest: The authors declare no conflicts of interest.

References
1. Tridawati, A.; Wikantika, K.; Susantoro, T.M.; Harto, A.B.; Darmawan, S.; Yayusman, L.F.; Ghazali, M.F. Mapping the Distribution

of Coffee Plantations from Multi-Resolution, Multi-Temporal, and Multi-Sensor Data Using a Random Forest Algorithm. Remote
Sens. 2020, 12, 3933. [CrossRef]

2. Garedew, E.; Sandewall, M.; Soderberg, U.; Campbell, B.M. Land-use and land-cover dynamics in the central rift valley of
Ethiopia. Environ. Manag. 2009, 44, 683–694. [CrossRef] [PubMed]

3. LMC. International Coffee Organization Fund for Commodities Study of Marketing and Trading Policies and Systems: Ethiopia Country
Profile; Study Prepared by LMC International Ltd.: Oxford, UK, 2010.

4. FAOSTAT. FAO Statistical Year Book. Available online: https://www.inter-reseaux.org/wp-content/uploads/i3137e.pdf (ac-
cessed on 15 June 2024).

5. Wolde, Z.; Tefera, A.; Yared, S.; Gezahagn, T.; Tadesse, T. A Review on Coffee Farming, Production Potential and Constraints in
Gedeo Zone, Southern Ethiopia. J. Nat. Sci. Res. 2017, 7, 23.

6. Hunt, D.; Tabor, K.; Hewson, J.; Wood, M.; Reymondin, L.; Koenig, K.; Schmitt-Harsh, M.; Follett, F. Review of Remote Sensing
Methods to Map Coffee Production Systems. Remote Sens. 2020, 12, 2041. [CrossRef]

7. Martini, E.; Riyandoko Roshetko, J.M. Guidelines for Establishing Coffee-Agroforestry Systems; World Agroforestry Centre (ICRAF)
Southeast Asia Regional Program: Bogor, Indonesia, 2017.

8. Hailu, B.T.; Maeda, E.E.; Hurskainen, P.; Pellikka, P.P.K.E. Object-Based Image Analysis for Distinguishing Indigenous and Exotic
Forests in Coffee Production Areas of Ethiopia. Appl. Geomat. 2014, 6, 207–214. [CrossRef]

9. Ghazaryan Ghazaryan, G.; Dubovyk, O.; Low, F.; Lavreniuk, M.; Kolotii, A.; Schellberg, J.; Kussul, N. A rule-based approach for
crop identifcation using multi-temporal and multisensor phenological metrics. Eur. J. Remote Sens. 2018, 51, 511–524. [CrossRef]

10. Escobar-Lopez, A.; Castillo-Santiago, M.A.; Hernandez-Stefanoni, J.L.; Mas, J.F.; Lopez-Martínez, J.O. Identifying Coffee
Agroforestry System Types Using Multitemporal Sentinel-2 Data and Auxiliary Information. Remote Sens. 2022, 14, 3847.
[CrossRef]

https://doi.org/10.3390/rs12233933
https://doi.org/10.1007/s00267-009-9355-z
https://www.ncbi.nlm.nih.gov/pubmed/19688359
https://www.inter-reseaux.org/wp-content/uploads/i3137e.pdf
https://doi.org/10.3390/rs12122041
https://doi.org/10.1007/s12518-014-0136-x
https://doi.org/10.1080/22797254.2018.1455540
https://doi.org/10.3390/rs14163847


Sensors 2024, 24, 6287 26 of 28

11. Vreugdenhil, M.; Wagner, W.; Bauer-Marschallinger, B.; Pfeil, I.; Teubner, I.; Rudiger, C.; Strauss, P. Sensitivity of Sentinel-1
Backscatter to Vegetation Dynamics: An Austrian Case Study. Remote Sens. 2018, 10, 1396. [CrossRef]

12. Steele-Dunne, S.C.; McNairn, H.; Monsivais-Huertero, A.; Judge, J.; Liu, P.W.; Papathanassiou, K. Radar remote sensing of
agricultural canopies: A review. IEEE J. Sel. Top. Appl. Earth Observ. Remote Sens. 2017, 10, 2249–2273. [CrossRef]

13. Nigussie, W.; Hailua, B.T.; Azagegn, T. Mapping of groundwater potential zones using sentinel satellites (−1 SAR and -2A MSI)
images and analytical hierarchy process in Ketar watershed, Main Ethiopian Rift. J. Afr. Earth Sci. 2019, 160, 103632. [CrossRef]

14. Nega, W.; Nigussie, W.; Balew, A. Investigating spatial relationship between vegetation cover and soil moisture using sentinel
satellites: A case study of North Gondar Zone, Ethiopia. J. Spat. Sci. 2022, 68, 667–683. [CrossRef]

15. Erinjerya, J.J.; Singh, M.; Kent, R. Mapping and assessment of vegetation types in the tropical rainforests of the Western Ghats
using multispectral Sentinel-2 and SAR Sentinel-1 satellite imagery. Remote Sens. Environ. 2018, 216, 345–354. [CrossRef]

16. Zarkesh, M.M.K.; Ghoddusi, J.; Zaredar, N.; Soltani, M.J.; Jafari, S.; Ghadirpour, A. Application of spatial analytical hierarchy
process model in land use planning. J. Food Agric. Environ. 2010, 8, 970–975.

17. Kufa, T.; Ayano, A.; Yilma, A.; Kumela, T.; Tefera, W. The contribution of coffee research for coffee seed development in Ethiopia.
J. Agric. Res. Dev. 2011, 1, 9–16.

18. Weerakoon, K. Suitability analysis for urban agriculture using GIS and multi-criteria evaluation. Int. J. Agric. Sci. Technol. 2014, 2,
69–76. [CrossRef]

19. Joshua, J.K.; Anyanwu, N.C.; Ahmed, A.J. Land suitability analysis for agricultural planning using GIS and multi criteria decision
analysis approach in Greater Karu Urban Area, Nasarawa State, Nigeria. Afr. J. Agric. Sci. Technol. 2013, 1, 14–23.

20. Shalamzari, M.J.; Zhang, W.; Gholami, A.; Zhang, Z. Runoff Harvesting Site Suitability Analysis for Wildlife in Sub-Desert
Regions. Water 2019, 11, 1944. [CrossRef]

21. Moat, G.; Tadesse, W.; Davis, P. Least concern to endangered: Applying climate change projections profoundly influences the
extinction risk assessment for wild Arabica coffee. Glob. Chang. Biol. 2019, 25, 390–403. [CrossRef]

22. Zhang, S.; Liu, X.; Li, R.; Wang, X.; Cheng, J.; Yang, Q.; Kong, H. AHP-GIS and MaxEnt for delineation of potential distribution of
Arabica coffee plantation under future climate in Yunnan, China. Ecol. Indic. 2021, 132, 108339. [CrossRef]

23. Bagheri, M.; Sulaiman, W.N.A.; Vaghefi, N. Land use suitability analysis using multi criteria decision analysis method for coastal
management and planning: A case study of Malaysia. J. Environ. Sci. Technol. 2012, 5, 364–372. [CrossRef]

24. Feizizadeh, B.; Blaschke, T. Land suitability analysis for Tabriz County, Iran: A multi-criteria evaluation approach using GIS. J.
Environ. Plan. Manag. 2013, 56, 1–23. [CrossRef]

25. Ullah, K.M.; Mansourian, A. Evaluation of land suitability for urban land-use planning: Case study Dhaka City. Trans. GIS 2015,
20, 20–37. [CrossRef]

26. Seyedmohammadi, J.; Sarmadian, F.; Jafarzadeh, A.A.; McDowell, R.W. Development of a model using matter element, AHP and
GIS techniques to assess the suitability of land for agriculture. Geoderma 2019, 352, 80–95. [CrossRef]

27. Pilevar, A.R.; Matinfar, H.R.; Sohrabi, A.; Sarmadian, F. Integrated fuzzy, AHP and GIS techniques for land suitability assessment
in semi-arid regions for wheat and maize farming. Ecol. Indic. 2020, 110, 105887. [CrossRef]

28. Tashayo, B.; Honarbakhsh, A.; Akbari, M.; Eftekhari, M. Land suitability assessment for maize farming using a GIS-AHP method
for a semi-arid region, Iran. J. Saudi Soc. Agric. Sci. 2020, 19, 332–338. [CrossRef]

29. Hwang, B.; Hundera, K.; Mekuria, B.; Wood, A.; Asfaw, A. Intensified Management of Coffee Forest in Southwest Ethiopia
Detected by Landsat Imagery. Forests 2020, 11, 422. [CrossRef]

30. Martínez-Verduzco, G.C.; Galeana-Pizaña, J.M.; Cruz-Bello, G.M. Coupling Community Mapping and supervised classification to
discriminate Shade coffee from Natural vegetation. Appl. Geogr. 2012, 34, 1–9. [CrossRef]

31. Souza, C.G.; Arantes, T.B.; Carvalho, L.M.T.D.; Aguiar, P. Multitemporal variables for the mapping of coffee cultivation areas.
Pesqui. Agropecu. Bras. 2019, 54, e00017. [CrossRef]

32. Ortega-Huerta, M.A.; Komar, O.; Price, K.P.; Ventura, H.J. Mapping coffee plantations with Landsat imagery: An example from El
Salvador. Int. J. Remote Sens. 2012, 33, 220–242. [CrossRef]

33. Escobar-Lopez, A.; Castillo-Santiago, M.A.; Mas, J.F.; Hernandez-Stefanoni, J.L.; Lopez-Martínez, J.O. Identification of coffee
agroforestry systems using remote sensing data: A review of methods and sensor data. Geocarto Int. 2024, 39, 2297555. [CrossRef]

34. Gaertner, J.; Genovese, V.B.; Potter, C.; Sewake, K.; Manoukis, N.C. Vegetation classification of Coffea on Hawaii Island using
WorldView-2 satellite imagery. J. Appl. Remote Sens. 2017, 11, 046005. [CrossRef]

35. Xiong, J.; Thenkabail, P.S.; Tilton, J.C.; Gumma, M.K.; Teluguntla, P.; Oliphant, A.; Congalton, R.G.; Yadav, K.; Gorelick, N.
Nominal 30-m cropland extent map of continental Africa by integrating pixel-based and object-based algorithms using Sentinel-2
and Landsat-8 data on Google Earth Engine. Remote Sens. 2017, 9, 1065. [CrossRef]

36. Abebe, G.; Nasiro, K.; Mohammed, H. Climate Analogue Mapping for Coffee Production in Ethiopia. Int. J. Afr. Asian Stud. 2021,
74, 19–27. [CrossRef]

37. Dori, T.; Asefaw, Z.; Kippie, T. Soil characteristics under dominant agroforestry systems along toposequence of Gedeo, Southeast-
ern Ethiopia. Environ. Sustain. Indic. 2022, 15, 100191. [CrossRef]

38. Tadesse, T.; Tesfaye, B.; Abera, G. Coffee production constraints and opportunities at major growing districts of southern Ethiopia.
Cogent Food Agric. 2020, 6, 1741982. [CrossRef]

39. Debele, W.B.; Eunice, B.L.G. Analysis of Smallholder farmers coffee production efficiency in the Gedeo zone of southern Ethiopia.
Innovations 2021, 67, 248–256.

https://doi.org/10.3390/rs10091396
https://doi.org/10.1109/JSTARS.2016.2639043
https://doi.org/10.1016/j.jafrearsci.2019.103632
https://doi.org/10.1080/14498596.2022.2133019
https://doi.org/10.1016/j.rse.2018.07.006
https://doi.org/10.14355/ijast.2014.0302.03
https://doi.org/10.3390/w11091944
https://doi.org/10.1111/gcb.14341
https://doi.org/10.1016/j.ecolind.2021.108339
https://doi.org/10.3923/jest.2012.364.372
https://doi.org/10.1080/09640568.2011.646964
https://doi.org/10.1111/tgis.12137
https://doi.org/10.1016/j.geoderma.2019.05.046
https://doi.org/10.1016/j.ecolind.2019.105887
https://doi.org/10.1016/j.jssas.2020.03.003
https://doi.org/10.3390/f11040422
https://doi.org/10.1016/j.apgeog.2011.10.001
https://doi.org/10.1590/s1678-3921.pab2019.v54.00017
https://doi.org/10.1080/01431161.2011.591442
https://doi.org/10.1080/10106049.2023.2297555
https://doi.org/10.1117/1.JRS.11.046005
https://doi.org/10.3390/rs9101065
https://doi.org/10.7176/JAAS/74-03
https://doi.org/10.1016/j.indic.2022.100191
https://doi.org/10.1080/23311932.2020.1741982


Sensors 2024, 24, 6287 27 of 28

40. Hengl, T.; Heuvelink, G.B.; Kempen, B.; Leenaars, J.G.; Walsh, M.G.; Shepherd, K.D.; Sila, A.; MacMillan, R.A.; Mendes de Jesus, J.;
Tamene, L.; et al. Mapping soil properties of Africa at 250 m resolution: Random forests significantly improve current predictions.
PLoS ONE 2015, 10, e0125814. [CrossRef]

41. Hengl, T.; Mendes de Jesus, J.; Heuvelink, G.B.M.; Ruiperez Gonzalez, M.; Kilibarda, M.; Blagotic, A.; Shangguan, W.; Wright,
M.N.; Geng, X.; Bauer-Marschallinger, B.; et al. SoilGrids250m: Global gridded soil information based on machine learning. PLoS
ONE 2017, 12, e0169748. [CrossRef] [PubMed]

42. Bousbih, S.; Zribi, M.; Pelletier, C.; Gorrab, A.; Lili-Chabaane, Z.; Baghdadi, N.; Mougenot, B. Soil Texture Estimation Using Radar
and Optical Data from Sentinel-1 and Sentinel-2. Remote Sens. 2019, 11, 1520. [CrossRef]

43. Aduvukha, G.R.; Abdel-Rahman, E.M.; Sichangi, A.W.; Makokha, G.O.; Landmann, T.; Mudereri, B.T.; Tonnang, H.E.Z.; Dubois,
T. Cropping Pattern Mapping in an Agro-Natural Heterogeneous Landscape Using Sentinel-2 and Sentinel-1 Satellite Datasets.
Agriculture 2021, 11, 530. [CrossRef]

44. Gao, Q.; Zribi, M.; Escorihuela, M.; Baghdadi, N. Synergetic Use of Sentinel-1 and Sentinel-2 Data for Soil Moisture Mapping at
100 m Resolution. Sensors 2017, 17, 1966. [CrossRef] [PubMed]

45. Mahdianpari, M.; Salehi, B.; Mohammadimanesh, F.; Homayouni, S.; Gill, E. The First Wetland Inventory Map of Newfoundland
at a Spatial Resolution of 10 m Using Sentinel-1 and Sentinel-2 Data on the Google Earth Engine Cloud Computing Platform.
Remote Sens. 2019, 11, 43. [CrossRef]

46. Nasiri, V.; Deljouei, A.; Moradi, F.; Sadeghi, S.M.M.; Borz, S.A. Land Use and Land Cover Mapping Using Sentinel-2, Landsat-8
Satellite Images, and Google Earth Engine: A Comparison of Two Composition Methods. Remote Sens. 2022, 14, 1977. [CrossRef]

47. Xiong, S.; Yang, F.; Zhang, J.; Tang, Y. An integrated model chain for diagnosing and predicting conflicts between production-
living-ecological space in lake network regions: A case of the Dongting Lake region, China. Ecol. Indic. 2024, 166, 112237.
[CrossRef]

48. Chamberlin, J.; Schmidt, E. Ethiopian Agriculture: A Dynamic Geographic Perspective; International Food Policy Research Institute:
Washington, DC, USA, 2011.

49. Hurni, H. Agroecological Belts of Ethiopia-Explanatory Notes on Three Maps at a Scale of 1:1,000,000; Centre for Development and
Environment (CDE), University of Bern: Bern, Switzerland; Ministry of Agriculture: Addis Ababa, Ethiopia, 1998; p. 43.

50. Spracklen, B.; Spracklen, D. Synergistic Use of Sentinel-1 and Sentinel-2 to Map Natural Forest and Acacia Plantation and Stand
Ages in North-Central Vietnam. Remote Sens. 2021, 13, 185. [CrossRef]

51. Cordero-Sancho, S.; Sader, S.A. Spectral analysis and classification accuracy of coffee crops using Landsat and a topographic-
environmental model. Int. J. Remote Sens. 2007, 28, 1577–1593. [CrossRef]

52. Langford, M.; Bell, W. Land cover mapping in a tropical hillsides environment: A case study in the Cauca region of Colombia. Int.
J. Remote Sens. 1997, 18, 1289–1306. [CrossRef]

53. Reiche, J.; Lucas, R.; Mitchell, A.L.; Verbesselt, J.; Hoekman, D.H.; Haarpaintner, J.; Kellndorfer, J.M.; Rosenqvist, A.; Lehmann,
E.A.; Woodcock, C.E. Combining satellite data for better tropical forest monitoring. Nat. Clim. Chang. 2016, 6, 120–122. [CrossRef]

54. Lopez, R.S.; Fernandez, D.G.; Lope, J.O.S.; Briceno, N.B.R.; Oliva, M.; Murga, R.E.T.; Trigoso, D.I.; Castillo, E.B.; Gurbillon, M.A.B.
Land Suitability for Coffee (Coffea arabica) Growing in Amazonas, Peru: Integrated Use of AHP, GIS and RS. ISPRS Int. J. Geo-Inf.
2020, 9, 673. [CrossRef]

55. Lara, E.; Rasche, L.; Schneider, U.A. Modeling land suitability for Coffea arabica L. in Central America. Environ. Model. Softw. 2017,
95, 196–209. [CrossRef]

56. Nzeyimana, I.; Hartemink, A.E.; Geissen, V. GIS-Based Multi-Criteria analysis for Arabica Coffee expansion in Rwanda. PLoS
ONE 2014, 9, e107449. [CrossRef] [PubMed]

57. Pramanik, M.K. Site suitability analysis for agricultural land use of Darjeeling district using AHP and GIS techniques. Model.
Earth Syst. Environ. 2016, 2, 56. [CrossRef]

58. Yalew, S.G.; van Griensven, A.; Mul, M.L.; van der Zaag, P. Land suitability analysis for agriculture in the Abbay basin using
remote sensing, GIS and AHP techniques. Model. Earth Syst. Environ. 2016, 2, 101. [CrossRef]

59. Verheye, W. Management of agricultural land: Chemical and fertility aspects. Encycl. Life Suport Syst. 2017, 4, 1–32.
60. Davis, A.P.; Mieulet, D.; Moat, J.; Sarmu, D.; Haggar, J. Arabica-like flavour in a heat tolerant wild coffee species. Nat. Plants 2021,

7, 413–418. [CrossRef] [PubMed]
61. Hidayat, E.; Afriliana, A.; Gusmini, G.; Darfis, I.; Rasyid, Y.; Harada, H. Land suitability evaluation of arabica coffee (Coffea

arabica L) plantation in Subdistrict Aie Dingin, Lembah Gumanti, Indonesia. IOP Conf. Ser. Earth Environ. Sci. 2020, 583, 012005.
[CrossRef]

62. Rigal, C.; Xu, J.; Hu, G.; Qiu, M.; Vaast, P. Coffee production during the transition period from monoculture to agroforestry
systems in near optimal growing conditions, in Yunnan Province. Agric. Syst. 2020, 177, 102696. [CrossRef]

63. Chenu, C.; Angers, D.A.; Barre, P.; Derrien, D.; Arrouays, D.; Balesdent, J. Increasing Organic Stocks in Agricultural Soils:
Knowledge Gaps and Potential Innovations. 2015. Available online: https://www.elsevier.com/open-access/userlicense/1.0/
(accessed on 10 April 2024).

64. Rahmani, S.R.; Ackerson, J.P.; Schulze, D.; Adhikari, K.; Libohova, Z. Digital Mapping of Soil Organic Matter and Cation Exchange
Capacity in a Low Relief Landscape Using LiDAR Data. Agronomy 2022, 12, 1338. [CrossRef]

65. Sparks, D.L. Environmental Soil Chemistry; Elsevier: Amsterdam, The Netherlands, 2003.

https://doi.org/10.1371/journal.pone.0125814
https://doi.org/10.1371/journal.pone.0169748
https://www.ncbi.nlm.nih.gov/pubmed/28207752
https://doi.org/10.3390/rs11131520
https://doi.org/10.3390/agriculture11060530
https://doi.org/10.3390/s17091966
https://www.ncbi.nlm.nih.gov/pubmed/28846601
https://doi.org/10.3390/rs11010043
https://doi.org/10.3390/rs14091977
https://doi.org/10.1016/j.ecolind.2024.112237
https://doi.org/10.3390/rs13020185
https://doi.org/10.1080/01431160600887680
https://doi.org/10.1080/014311697218421
https://doi.org/10.1038/nclimate2919
https://doi.org/10.3390/ijgi9110673
https://doi.org/10.1016/j.envsoft.2017.06.028
https://doi.org/10.1371/journal.pone.0107449
https://www.ncbi.nlm.nih.gov/pubmed/25299459
https://doi.org/10.1007/s40808-016-0116-8
https://doi.org/10.1007/s40808-016-0167-x
https://doi.org/10.1038/s41477-021-00891-4
https://www.ncbi.nlm.nih.gov/pubmed/33875832
https://doi.org/10.1088/1755-1315/583/1/012005
https://doi.org/10.1016/j.agsy.2019.102696
https://www.elsevier.com/open-access/userlicense/1.0/
https://doi.org/10.3390/agronomy12061338


Sensors 2024, 24, 6287 28 of 28

66. Roudier, P.; Burge, O.; Richardson, S.; McCarthy, J.; Grealish, G.; Ausseil, A. National Scale 3D Mapping of Soil pH Using a Data
Augmentation Approach. Remote Sens. 2020, 12, 2872. [CrossRef]

67. Chemura, A.; Mudereri, B.; WoldieYalew, A.; Gornott, C. Climate change and specialty coffee potential in Ethiopia. Sci. Rep. 2021,
11, 8097. [CrossRef]

68. Laderach, P.; Ramirez–Villegas, J.; Navarro-Racines, C.; Zelaya, C.; Martinez–Valle, A.; Jarvis, A. Climate change adaptation of
coffee production in space and time. Clim. Chang. 2017, 141, 47–62. [CrossRef]

69. Chen, K. Effect of climate factors on the quality of Coffea arabica L. J. Baoshan Univers. 2019, 38, 40–46. [CrossRef]
70. Schulz, D.; Yin, H.; Tischbein, B.; Verleysdonk, S.; Rabani Adamou, R.; Navneet, K. Land use mapping using Sentinel-1 and

Sentinel-2 time series in a heterogeneous landscape in Niger, Sahel. ISPRS J. Photogramm. Remote Sens. 2021, 178, 97–111.
[CrossRef]

71. Sibaruddin, H.I.; Shafri, H.Z.M.; Pradhan, B.; NA Haron, N.A. Comparison of pixel-based and object-based image classification
techniques in extracting information from UAV imagery data. IOP Conf. Ser. Earth Environ. Sci. 2018, 169, 012098. [CrossRef]

72. Draguţ, L.; Tiede, D.; Levick, S.R. ESP: A tool to estimate scale parameter for multiresolution image segmentation of remotely
sensed data. Int. J. Geogr. Inf. Sci. 2010, 24, 859–871. [CrossRef]

73. Zaki, A.; Buchori, I.; Sejati, A.W.; Liu, Y. An object-based image analysis in QGIS for image classification and assessment of coastal
spatial planning. Egypt. J. Remote Sens. Space Sci. 2022, 25, 349–359. [CrossRef]

74. Pham, M.; Vu, D.; Tong, T.; Thi, M.; Sandlersky, R. Integrated Use of AHP-GIS-Remote sensing predicting potential areas of coffee
plants: A case study of buffer zone of Ta Dung Nature park, Vietnam. E3S Web Conf. 2021, 285, 02022. [CrossRef]

75. Mighty, M.A. Site suitability and the analytic hierarchy process: How GIS analysis can improve the competitive advantage of the
Jamaican coffee industry. Appl. Geogr. 2015, 58, 84–93. [CrossRef]

76. Everest, T.; Sungur, A.; Ozcan, H. Determination of agricultural land suitability with a multiple-criteria decision-making method
in Northwestern Turkey. Int. J. Environ. Sci. Technol. 2021, 18, 1073–1088. [CrossRef]

77. Maulana, H.; Kanai, H. Potential agricultural land suitability visualization using augmented reality geographic information
system (AR-GIS). J. Eng. Sci. Technol. 2022, 17, 1422–1435.

78. Saaty, T.L. Marketing applications of the analytic hierarchy process. Manag. Sci. 1980, 26, 641–658.
79. Saaty, T.L. Decision making with the analytic hierarchy process. Int. J. Serv. Sci. 2008, 1, 83–98. [CrossRef]
80. Ferede, S.; Damte, T.; Kebebew Asefa, S.A.; Genet, Y. Characterization of Non-traditional Tef Growing Areas of Benishangul

Gumuz Region. In Achievements of Agricultural Economics Research; Ethiopian Institute of Agricultural Research: Addis Ababa,
Ethiopia, 2018.

81. Bernardes, T.; Moreira, M.A.; Adami, M.; Giarolla, A.; Rudorff, B.F.T. Monitoring biennial bearing effect on coffee yield using
MODIS remote sensing imagery. Remote Sens. 2012, 4, 2492–2509. [CrossRef]

82. Vaast, P.; Harmand, J.-M.; Rapidel, B.; Jagoret, P.; Deheuvels, O. Coffee and cocoa production in agroforestry—A climate-smart
agriculture model. In Climate Change and Agriculture Worldwide; Torquebiau, E., Ed.; Springer: Dordrecht, The Netherlands, 2016;
pp. 209–224. ISBN 978-94-017-7462-8.

83. Ranjitkar, S.; Sujakhu, N.M.; Merz, J.; Kindt, R.; Xu, J.; Matin, M.A. Suitability Analysis and Projected Climate Change Impact on
Banana and Coffee Production Zones in Nepal. PLoS ONE 2016, 11, e0163916. [CrossRef]

84. Rono, F.; Charles, C.; Mundia, C.C. GIS based suitability analysis for coffee farming in Kenya. Int. J. Geomat. Geosci. 2016, 6,
1722–1733.

85. Jonathan, S.C.; Han, S.L. Flood risk assessment for Davao Oriental in the Philippines using geographic information system-based
multi-criteria analysis and the maximum entropy model. J. Flood Risk Manag. 2020, 13, 11. [CrossRef]

86. Kelley, L.C.; Pitcher, L.; Bacon, C. Using Google Earth engine to map complex shade-grown coffee landscapes in Northern
Nicaragua. Remote Sens. 2018, 10, 952. [CrossRef]

87. Mukashema, A.; Veldkamp, A.; Vrieling, A. Automated high resolution mapping of coffee in Rwanda using an expert Bayesian
network. Int. J. Appl. Earth Obs. Geoinf. 2014, 33, 331–340. [CrossRef]

88. Huang, Y.; Lin, J.; He, X.; Lin, Z.; Wu, Z.; Zhang, X. Assessing the scale effect of urban vertical patterns on urban waterlogging:
An empirical study in Shenzhen. Environ. Impact Assess. Rev. 2024, 106, 107486. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/rs12182872
https://doi.org/10.1038/s41598-021-87647-4
https://doi.org/10.1007/s10584-016-1788-9
https://doi.org/10.3969/j.issn.1674-9340.2019.02.011
https://doi.org/10.1016/j.isprsjprs.2021.06.005
https://doi.org/10.1088/1755-1315/169/1/012098
https://doi.org/10.1080/13658810903174803
https://doi.org/10.1016/j.ejrs.2022.03.002
https://doi.org/10.1051/e3sconf/202128502022
https://doi.org/10.1016/j.apgeog.2015.01.010
https://doi.org/10.1007/s13762-020-02869-9
https://doi.org/10.1504/IJSSCI.2008.017590
https://doi.org/10.3390/rs4092492
https://doi.org/10.1371/journal.pone.0163916
https://doi.org/10.1111/jfr3.12607
https://doi.org/10.3390/rs10060952
https://doi.org/10.1016/j.jag.2014.05.005
https://doi.org/10.1016/j.eiar.2024.107486

	Introduction 
	Materials and Methods 
	Description of the Research Area 
	Data and Software 
	Data Processing 
	Agro-Ecological Classification 
	Mapping of Coffee Potential Areas 
	Preparation of Thematic Layers for Coffee Land Suitability 
	Physiographic Thematic Layers 
	Edaphological Thematic Layers 
	Climatological Thematic Layers 
	Socioeconomic Thematic Layers 

	Analytic Hierarchy Process 

	Results 
	Identified Coffee Spatial Coverage 
	AHP-Based Derived Weights for Coffee Suitability 
	Overall Weight of Thematic Layers 
	Identified Coffee Plantation Potential Land Suitability 

	Discussion 
	Conclusions 
	References

