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Abstract  Population growth and agricultural expansion 
cause major changes in land use and land cover (LULC) 
in Ethiopia. Cultivated lands are mostly expanding with-
out land suitability evaluation. Consequently, crop yields 
are not increasing as expected. This is particularly the 
case in the highland catchments draining toward Lake 
Tana, where severe consequences such as deforestation 
and the degradation of soil and land can be observed. In 
this study, the impacts of long-term LULC dynamics on 
the land suitability potential for selected major crops in 
three sub-catchments of Lake Tana, Ethiopia (Gilgela-
bay, Gumara and Ribb), were evaluated. Time series 
of Landsat images from three periods (1988, 1998, and 

2017) were classified. Land suitability was analyzed via a 
multi criteria approach based on spatial input data such as 
elevation, soil, and slope maps. The overall accuracy for 
all LULC classifications was good to very good (89.7% 
to 91.6%). Five major LULC classes were distinguished: 
agriculture, forest, shrub/bushland, grassland, and water. 
In all three catchments, the results revealed that agricul-
tural land was the dominant land cover that expanded at 
the expense of the other land cover types to 80%-90% in 
all catchments in 2017. The rate of change in agricul-
tural land in the Gilgelabay catchment (4041.3  ha/yr) 
was greater than that in the Gumara (1374.5 ha/yr) and 
Ribb (1362.3 ha/yr) catchments. This is possibly due to 
the availability of other LULC classes. The natural veg-
etation of Gilgelabay, Gumara, and Ribb has decreased 
by 16.0%, 10.5%, and 1.1%, respectively, over the past 
three decades. However, the present LULC change trends 
are unsustainable, and any remaining natural vegetation 
should be maintained. The results from the land suit-
ability analysis revealed that the land suitability for teff, 
corn, and rice is likely to change with climate change in 
the future. To ensure sustainable land use management, 
modifying land use on the basis of land suitability should 
be preferred over traditional practices to improve crop 
production. This can be achieved in close collaboration 
with all stakeholders, including local communities, the 
government, and NGOs.
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Introduction

Land use and land cover (LULC) change is a signifi-
cant component of global environmental change and 
is one of the major factors affecting sustainable devel-
opment (Lambin et  al., 2001; Turner et  al., 2007). 
Except for those areas that are inaccessible, most of 
the Earth’s surface has already changed from a natural 
state to anthropogenic land uses (Turner et al., 1993; 
Williams et al., 2020). Moreover, 38% of agricultural 
areas on Earth can be considered degraded (Backer 
et al., 2009; Ngugi, 2020). The largest proportion of 
degraded land can be found in Africa (UNEP, 2016). 
At least 485 million (65%) people in Africa are 
affected by land degradation, corresponding to 46% 
of the continent’s land area and 75–80% of the conti-
nent’s arable land (AGNES, 2020). Ethiopia is one of 
the countries in Sub-Saharan Africa that is most sus-
ceptible to land degradation processes because of its 
heavy reliance on agriculture.

In Ethiopia, forest cover was approximately 40% 
in the late nineteenth century (Amogne, 2014; Sisay 
& Gitima, 2020). The clearing of land for agricultural 
use and deforestation for fuel gradually reduced for-
est areas  from 40% in 1900 to 16% in 1954, 8% in 
1961, 4% in 1975, 3.2% in 1980, and less than 3% in 
2014 (Amogne, 2014; Sisay & Gitima, 2020). The 
northern parts of the highlands are almost devoid of 
trees (Lombardi & Deer Lodge, 2012). Agriculture 
in  Ethiopia  is the foundation of the country’s econ-
omy, accounting for half of the gross domestic prod-
uct (GDP), including 90% of foreign exchange and 
85% of total employment (Gebreyesus, 2016; Chanie 
et al., 2018; FAO, 2019 and Neglo et al., 2021). An 
efficient use of land is necessary to meet the demand 
for food. A prerequisite for such an efficient use of 
land for agriculture is its evaluation with respect to 
growing certain crops on the basis of biophysical fac-
tors and the region’s socio-economic situation (Dang 
& Kawasaki, 2017; FAO, 1976). In Ethiopia, the 
majority of the population is rural (> 80%) and works 
in the agricultural sector, which provides 95% of the 
country’s demand for food (Esa & Assen, 2017). 
Moreover, Ethiopia has high agricultural potential 
because of its wide productive land, sufficient rainfall, 
and labor force (Admassie & Abebaw, 2021; Agidew, 
2015). However, despite this potential, Ethiopia has 
experienced several food crises during recent decades 
because it is dependent mainly on rain-fed agriculture 

(Kisaka et al., 2015). By considering biophysical and 
socio-economic factors, land can be assessed to meas-
ure the quality of land for a particular use (Bagher-
zadeh et al., 2011). This evaluation of land is impor-
tant for efficient and sustainable land use, taking into 
account the limitations of natural resources (Qureshi 
et al., 2018). It is helpful for land users, land use plan-
ners, and agricultural organizations to overcome limi-
tations and increase productivity (Rabia, 2012).

According to the Food and Agricultural Organiza-
tion (FAO, 1976, 1983), climate, soil requirements, 
and land terrain information should be considered 
for each crop to assess land suitability (Hamere and 
Teshome, 2018). The FAO (1976) and FAO (1983) 
also recommended an approach for the evaluation of 
land suitability for crops by rating areas from highly 
suitable (S1) to not suitable (N) areas on the basis of 
elevation, rainfall, temperature, slope, and soil tex-
ture. Several parts of the world are severely affected 
by climate change (Mudzonga, 2011; Okonya et  al., 
2013; Kibret & Robai, 2015 and Fahad & Wang, 
2020). These changes affect land suitability, particu-
larly the production of rain-fed crops. Climate change 
affects future agricultural productivity, but its impact 
varies by region, time, and socio-economic develop-
ment (Kibret & Robai, 2015; Schlenker & Lobell, 
2010). In many parts of the highlands of Ethiopia, 
agriculture has gradually expanded from gently slop-
ing land into the steeper slopes of neighboring moun-
tains without protective measures against erosion and 
degradation. Population growth is a driver of these 
LULC changes. According to the Central Statistics 
Agency (2017), the projected population growth rate 
of Ethiopia increased by 2.67% per year from 1955 
to 2020. Projected estimates show that the country’s 
population will double in 40  years (Montgomery, 
2008). Moreover, in the Ribb catchment, popula-
tion growth has been found to have led to a decline 
in forest and bushland (Nurelegn & Amare, 2014; 
Getachew & Manjunatha, 2022); in forest, bushland, 
and grassland in the Gumara catchment (Chakilu 
& Moges, 2017); and in forest and shrubland in the 
Gilgelabay catchment (Rientjes et  al., 2011) of the 
Lake Tana basin. Similarly, Tadesse and Hailu, (2024) 
and Zegeye (2024) reported that population growth is 
the main cause of land degradation, poverty, and food 
insecurity in the northern Ethiopian highlands.

Previous studies have generally indicated that forest 
cover is decreasing at the national level, biodiversity has 
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been lost, and soil and environment have been degraded 
across the country (Dibaba et al., 2020; Sisay & Gitima, 
2020). This finding has implications for the stream flow 
of the Nile River and the downstream countries, Sudan 
and Egypt. In recent centuries, Ethiopian highlands 
have degraded due to continuous cultivation, causing 
more overland flow and less base flow (Girma et  al., 
2023; Nzuza et al., 2021). The greater amount of sur-
face runoff from land degradation, like deforestation, 
leads to a faster hydrological response; thus, this water 
will remain usable only if additional storage facilities 
are built. However, retaining rainwater has become 
increasingly difficult because of the loss of forest cover, 
which results in sedimentation and a reduced volume 
in reservoirs (Tilahun et al., 2013). Kidane et al. (2019) 
reported that LULC change had a significant effect on 
erosion, sediment yield, and water quantity in the Lege-
dad Reservoir catchment in Ethiopia (Mengstu, 2016). 
Moreover, the intensification of agricultural land has 
continuously decreased water quality.

Crop land suitability has been assessed in differ-
ent regions of Ethiopia. In the Upper Blue Nile Basin, 
Yalew et  al. (2016) identified regions with high suit-
ability for agriculture and those with relatively high 
susceptibility to land degradation and soil erosion. 
Girmay et al. (2018) reported that land suitability can 
be enhanced by soil and water conservation measures, 
improving soil fertility and agro-economic practices 
in the northeastern part of the highlands. In the Gelda 
catchment, northwest highlands of Ethiopia, Esa and 
Assen (2017) examined the suitability status of plots 
of land to choose a range of alternative land utiliza-
tion types with the same suitability level. According 
to Yohannes and Soromessa (2018), the lower half of 
the Andit-Tid catchment in the highlands of Ethiopia 
is characterized primarily by marginally suitable land 
with severe limiting characteristics such as soil depth, 
texture, slope, and temperature, as well as erosion risk. 
Moreover, competition for land is high because of 
the demand for food and space as a result of popula-
tion pressure, resulting in the degradation of resources 
(Hamere and Teshome, 2018; Yohannes et  al., 2021; 
Admasu et al., 2023). Therefore, increasing crop yield 
by growing crops in the locations most suited to their 
growth is essential (Cassman et al., 2010). However, the 
topography of the Blue Nile Basin in Ethiopia, where 
the study area is located, is very rugged, dissected, and 
mountainous, which aggravates the problems of soil 
erosion and nutrient depletion and has a direct effect on 

the water fluxes in the catchment. To adapt to possible 
future effects of LULC changes on water resources, it 
is important to understand the hydrologic impacts of 
historic LULC changes. Additionally, the expansion of 
agriculture, growth of urban areas, and extraction of 
timber and other natural resources are likely to accel-
erate over the coming decades to satisfy the growing 
demands for land, wood, and food. Population growth 
and livestock density in the Lake Tana basin have 
resulted in forest clearing and overgrazing. In addi-
tion, more mountainous areas and steeper slopes are 
cultivated, in many cases without protective measures 
against erosion and degradation. Consequently, there is 
a discrepancy between agricultural land use and crop 
requirements. Crop production systems are dominated 
by smallholder farming under rain-fed agriculture with 
little mechanization. The productivity of cereals is still 
very low (CSA, 2018), and the fact that the land’s suit-
ability for crops is not considered is one of the primary 
reasons for the low yield. Suitable areas are used for a 
range of alternative land utilization types due to, e.g., 
population growth, a high percentage of croplands, or 
less awareness of farmers of land suitability. Previous 
studies have so far not focused on the effects of long-
term changes in LULC and their impacts on land suit-
ability in the Lake Tana Basin in Ethiopia.

The aim of this study was to examine the impacts 
of long-term LULC changes on the land suitability 
potential of selected agricultural sub-catchments of 
the Lake Tana Basin. More specifically, we aimed to 
determine LULC changes between 1988 and 2017 
by dividing the period into ten-year intervals, com-
paring and identifying the leading causes of LULC 
changes, assessing major crop suitability and finally 
identifying whether the change in agricultural land 
was based on suitability. In addition, we assess future 
rain-fed agricultural land suitability maps for major 
crops on the basis of measured and future projected 
climate data (RCP4.5 and RCP8.5), topography, and 
soil properties. This information will help local gov-
ernments, policymakers, land-use planners, and agri-
cultural stakeholders formulate and implement effec-
tive and appropriate response strategies to minimize 
the undesirable effects of future LULC changes or 
modifications. Understanding the impacts of LULC is 
critical for resource-based studies and for developing 
effective response plans for sustainable agricultural 
productivity, food security and environmental stabil-
ity in the country and the study area.
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Materials and methods

Study area

Lake Tana is the largest lake in Ethiopia. It is situ-
ated between 10.95° and 12.78°N latitude and 36.89° 
and 38.25°E longitude and is a part of the upper 
Blue Nile Basin. The lake covers an area of 3,063 
km2, has a drainage area of approximately 15,096 
km2 (Ligdi et al., 2010), and has more than 40 tribu-
tary rivers (Dejen et  al., 2017). Lake Tana receives 
more than 93% of the stream flow from the Gilgela-
bay, Ribb, Gumara, and Megetch catchments, which 
are found in the regional state of Amhara (Setegn, 
2010). The three sub-catchments of Gilgelabay, Ribb, 
and Gumara were selected as study areas. They are 
the most densely populated areas with a population 
density of more than 250 people/km2, with a total 
of approximately 4.0 million inhabitants in the basin 
(World Bank, 2009). Agriculture is the basis for the 
livelihoods of more than 80% of the population living 
in the study area. In addition, the economic activity of 
the population depends on agriculture and livestock 
production. Hilly areas and steeper slopes are more 
often farmed, frequently without protection from ero-
sion and damage. The most common soil types are 
Haplic Luvisols, Eutric Leptosols, Eutric Fluvisols, 
Chromic Luvisols, and Eutric Alisols (Tigabu et  al., 
2019).

The Gilgelabay River has a catchment area of 
approximately 3,559 km2 and is the largest tribu-
tary of Lake Tana, contributing 44.2% of the inflow 
(Table 1). It originates from a highland spring in the 
city of Gish-Abay in northeastern Ethiopia (Wale 
et  al., 2008). Geographically, Gilgelabay is located 
south of Lake Tana between 10° 56′ 53″−11° 21′ 
58″N and 36° 49′ 29″−37° 23′ 34″E.

The Gumara catchment is located east of Lake 
Tana between 11° 35’−11° 55’ N and 37°40’- 38° 

10’ E (Fig.  1) and covers an area of 1,229.8 km2 
(Table  1). It has mountainous and dissected terrain. 
Steep slopes characterize the upper stream, and gentle 
slopes form the downstream parts of the catchment. 
The area is drained by numerous smaller streams, 
including Gumara, the largest stream in the catchment 
that drains into Lake Tana (Wubie et al., 2016).

The Ribb River is another tributary to Lake Tana 
in the east and originates from Mount Guna (Adem 
et  al., 2016). The catchment has an area of 1,584 
km2 and is located between 11°42′20″—12°11′11″ N 
and 37°42′43″—38°14′20″E (Fig. 1).

The main rainfall season in the study area is from 
June to September and accounts for 70–90% of the 
annual rainfall (Abdo et al., 2009).

Land use and land cover change analysis

Satellite data

Cloud-free multi-spectral satellite data for three 
points in time were obtained. Landsat satellite 
images from 1988, 1998, and 2017 were used 
(Table  2). Two satellite images were required to 
cover the study areas: 169/52 (path/row) for the 
catchments of Gumara and Ribb and 170/52 for 
Gilgelabay. All images were taken during the 
dry season because the phenological difference 
between wet-season vegetation and dry-season 
vegetation in tropical regions can result in pseudo-
changes in LULC. This reduces the confusion of 
pasture and small-scale rainy season agriculture.

Land use and land cover classification

The selected cloud-free, geometrically rectified and 
projected satellite images were classified using a 
supervised classification approach with a maximum 
likelihood classifier. In this classification, each pixel 

Table 1   Characteristics of the Gilgelabay, Gumara, and Ribb catchments(Tigabu et al., 2020)

Catchment Catchment area upstream 
of gauge (km2)

Mean annualtempera-
ture1980-2014 (°C)

Mean annual rainfall 
sum1980-2014 (mm)

Mean eleva-
tion (m)

Mean flow 
1980–2014 
(m3/s)

Gilgelabay 3559 19 1550 2270 55
Gumara 1229 16 1464 2260 34
Ribb 1584 16 1475 2374 14.4
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is assigned to the class that has the highest probabil-
ity for this particular class (Sisodia et al., 2014). To 
this end, ground truth data, which were collected dur-
ing a field survey in 2017, are needed. Since mapped 
ground truth data for 1988 and 1998 were not avail-
able, ground truth data were interpreted from satellite 
images using different band combinations (Tucker 

et al., 2004) and high-resolution Google Earth images 
(Wagner et al., 2013; Wilken et al., 2017). The num-
ber of samples of ground truth points was based on 
the area of the catchments: 260 points were used for 
Gilgelabay, and 250 points were used for Gumara and 
Ribb. For 1988 and 1998, the accuracy assessment 
was based on ground truth from image interpretation 

Fig. 1   Location map of 
the Gilgelabay, Ribb, and 
Gumara catchments in the 
Lake Tana basin

Table 2   Satellite data specifications

Year Satellite Sensor Path Row No. of spec-
tral bands

Spatial resolution Acquisition date Source

1988 Landsat 5 TM 169/170 52 7 30 m × 30 m 14/13 March 1988 USGS
1998 Landsat 5 TM 169/170 52 7 30 m × 30 m 18 March/10 April 1998 USGS
2017 Landsat 8 OLI, TIRS 169/170 52 11 30 m × 30 m 7/13 March 2017 USGS
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and from Google Earth, whereas for 2017, additional 
field survey data were used. The pixels in the training 
locations were normally distributed and represented 
the study area well.

The following five major LULC types have been 
mapped in the study area: agricultural land, forest, 
grassland, shrubland, and water (Table 3).

Accuracy assessment

An accuracy assessment is necessary to quantify the 
reliability of the produced LULC classification. From 
the confusion matrix, user and producer accuracies 
can be calculated for each LULC class (Story & Con-
galton, 1986). The overall accuracy is defined as the 
total number of correctly classified pixels divided by 
the sum of the ground truth pixels. The F1 score is 
the harmonic mean of precision and recall, ranging 
from 0 to 1, and is computed for each LULC class 
separately (Tharwat, 2021).

Where  PA = producer accuracy and  UA = user accu-
racy (Ouma et al., 2023).

Change detection

The patterns and changes in major LULC classes 
between 1988, 1998, and 2017 were analyzed across 
all three catchments using the derived LULC classi-
fications. The percentage areas for each LULC class 
as well as the changes in spatial patterns were com-
pared. Moreover, the rate of LULC change was calcu-
lated for each class as follows:

(1)F1 score = 2 ∗ UA ∗ PA∕(UA + PA)

(2)� = (�
2
−�

1
)∕�

Where r is the rate of change, Q1 is the initial year 
LULC class area in ha, Q2 is the recent year LULC 
class area in ha, and t is the time difference between 
initial and recent LULC classes in years (Alemayehu 
et  al., 2019). LULC conversions were assessed with 
the help of a conversion matrix and expressed as per-
centages of total change.

Land suitability analysis

Climate and soil data

A soil map (Fig.  2) from the Amhara Design & 
Supervision Works Enterprise (ADSWE, 2017) 
and thirty years of temperature and rainfall data 
(1985–2015) from the Ethiopian National Meteor-
ology Agency (ENMA) were obtained. A detailed 
analysis of historic climate data in the study area is 
presented in Tigabu et  al. (2020). For future projec-
tions, the midterm (2031–2060) projected RCP4.5 
and RCP8.5 temperature and rainfall data (Figs. 3 & 
4) from regional climate models (RCMs) were used. 
RCM outputs provide better spatial and temporal res-
olutions than GCM (Global Circulation Model) out-
puts do. However, projected temperature and rainfall 
are still biased (Berg et al., 2012; Tigabu et al., 2021). 
Hence, bias correction (BC) methods were used. 
Table  4 lists the chosen GCM and regional climate 
model (RCM) combinations, along with their full 
names, institutions, and BC methods (Tigabu et  al., 
2021). Consequently, we calculate the ensemble mean 
to derive more robust scenario results. In addition, 
the slopes and elevations of the study areas (Fig. 2), 
which are essential for land suitability analysis, were 
derived from a Digital Elevation Model (DEM) 
with a spatial resolution of 30 m that is based on the 

Table 3   Description of LULC class types

LULC class Description

Agriculture Areas with standing crops, tree crops, and croplands where the crops were harvested (FAO, 1997)
Forest Land covered by natural and planted trees, including bamboo, that reach a maturity height of 

more than 2 m, have a canopy cover of more than 20% and cover more than 0.5 ha with a mini-
mum width of 20 m (MEFCC, 2018)

Grassland Ground covered by vegetation dominated by grasses (FAO, 1997)
Shrubland Shrub vegetation at the fringes of forest cover and areas dominated by scattered trees less than 

5 m in height (FAO, 1997)
Water Areas with surface water in the form of ponds, lakes, streams, rivers, and reservoirs (FAO, 1997)
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Shuttle Radar Topography Mission (SRTM) (USGS, 
2016; Tigabu et al., 2019).

Matching crops with requirements

Suitability evaluation is a process of matching crops 
with their specific land use requirements and is per-
formed employing the maximum limitation method 
for the specified land utilization types/crops (FAO, 
1983; Hamere and Teshome, 2018; Yohannes & 
Soromessa, 2018). This method defines the land 
suitability classes by taking the most limiting fac-
tors into account (details are provided in Table  1 in 
the appendix). To derive suitability classes, selected 
parameters are matched with the requirements (eleva-
tion, slope, rainfall, temperature, and soil) of selected 
crops and are weighted for each factor on the basis of 

the analytic hierarchy process (AHP). In this instance, 
rain-fed crops were selected for crop suitability eval-
uation, including teff and corn for the Gilgelabay 
catchment and teff, rice, and corn for the Gumara 
and Ribb catchments. The crops were selected on the 
basis of their dominance in the respective catchments.

Calculation of weights for criteria maps

To analyze complex decisions, the analytic hierar-
chy process (AHP) is a recommended technique that 
divides alternatives into pairwise alternatives of two 
at a time (Liu, 2022; Saaty, 2008, 2013). According 
to Wale et  al. (2012), weighting by pairwise com-
parison is more appropriate than equal weighting and 
ranking. A relative importance measure is used in 
the pairwise comparison (Tables 5 and 6). Weighting 

Fig. 2   Elevation (left), slope (middle) and soil (right) maps of the Lake Tana basin
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the factors is an essential step that requires expert 
knowledge. Hence, experts were requested to rank the 
factors used in this study (i.e., rainfall, temperature, 
elevation, soil, and slope) and to allocate weights 
according to how important the factors are for crop 
growth.

Analytic hierarchy processes use the pairwise 
comparison matrix to calculate comparative weights 
for each factor and produce a consistency ratio (CR) 
that serves as a measure of the logical inconsistency 
of expert/user judgment (Yalew et al., 2016). Hence, 
consistency relationships are important for determin-
ing possible events and measuring the logical incon-
sistencies of decision makers and judgments (Cengiz 
& Akbulak, 2009; Chen et al., 2010a, 2010b).

The consistency relationship (CR) is used to meas-
ure the efficiency of the criteria of the AHP employ-
ing Eq. 1 (Yalew et al., 2016).

Where CR is the consistency ratio, CI is the consist-
ency index, and RI is the random index.

(3)CR = CI∕RI

The value of the CR should be less than 0.1 (Yalew 
et al., 2016). If the value of CR > 0.1, then some pair-
wise values need to be reconsidered and the process 
should be repeated until the value of CR is < 0.1.

Where λmax represents the highest eigenvector of 
the computed matrix and n represents the order of the 
matrix. The random inconsistency indices are derived 
from Pramanik (2016, Table 7).

Maximum eigenvalue (λmax) = 5.3, number of fac-
tors (n) = 5 and RI = 1.12.

CI = 0.08.
CR = 0.07.

Standardization of criteria and the rating 
of suitability classes

The data were measured on different units and dif-
ferent scales. Hence, it  is  essential to standardize 
the factors prior to combination and ensure that they 
are transformed, and each factor map has  a positive 

(4)CI = �max − n∕(n − 1)

Fig. 3   Average temperature distributions in the Lake Tana Basin under the Baseline, RCP4.5 and RCP8.5 scenarios in °C
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correlation with  suitability (Kenzong et  al., 2022; 
Yohannes & Soromessa, 2018). During reclassifica-
tion, factor ratings were also assigned for values that 

indicate how well each factor is satisfied by particular 
conditions of the corresponding land quality. All the 
criteria maps have been reclassified into classes. The 

Fig. 4   Annual rainfall distributions of Lake Tana Basin for the Baseline, RCP4.5 and RCP8.5 scenarios in mm

Table 4   Summary of selected GCMs and RCMs, the applied bias correction (BC) method, and the calculated root mean square error 
(RMSE) values (Tigabu et al., 2021)

GCM/RCM Institution name Expanded name of 
RCM

Bias correction (BC) 
method

RMSE before 
BC (mm/day)

RMSE 
(mm/
day)

Suitable 
GCM–
RCM

CCCma/RCA4 Canadian Centre for 
Climate Modeling and 
Analysis

Regional-scale model pLS (linear scaling) 2.32 0.35 2

MIROC/RCA4 RCA4 pDM (distribution or 
quantile mapping)

6.4 0.16 2

MPIM/RCA4 Max Planck Institute for 
Meteorology

Regional-scale model pDMLIS
(distribution mapping 

and local intensity 
scaling)

3.34 0.5 2

NCC/RCA4 National Climate Center 
of China

pLS (linear scaling) 2.32 0.2 2

Total 8



	 Environ Monit Assess          (2026) 198:50    50   Page 10 of 32

Vol:. (1234567890)

Ta
bl

e 
5  

Pa
irw

is
e 

co
m

pa
ris

on
 m

at
rix

 fo
r m

ul
ti-

cr
ite

ria
 d

ec
is

io
n 

la
ye

rs

Fa
ct

or
s

El
ev

at
io

n
Sl

op
e

R
ai

nf
al

l
Te

m
pe

ra
tu

re
So

il
C

rit
er

ia
 w

ei
gh

t

El
ev

at
io

n
1.

00
2.

00
0.

33
0.

50
3.

00
0.

17
Sl

op
e

0.
50

1.
00

0.
50

0.
33

2.
00

0.
12

R
ai

nf
al

l
3.

00
2.

00
1.

00
3.

00
3.

00
0.

38
Te

m
pe

ra
tu

re
2.

00
3.

00
0.

33
1.

00
4.

00
0.

26
So

il
0.

33
0.

50
0.

33
0.

25
1.

00
0.

07

Ta
bl

e 
6  

F
un

da
m

en
ta

l s
ca

le
 fo

r t
he

 p
ai

rw
is

e 
co

m
pa

ris
on

 m
at

rix
 (A

le
m

ay
eh

u,
 2

02
0;

 K
ha

n 
&

 K
ha

n,
 2

02
2)

Re
la

tiv
e 

im
po

rta
nc

e
D

efi
ni

tio
n

D
es

cr
ip

tio
n

1
Eq

ua
lly

 im
po

rta
nt

Tw
o 

cr
ite

ria
 e

nr
ic

h 
eq

ua
lly

 to
 th

e 
ob

je
ct

iv
e

3
Sl

ig
ht

ly
 im

po
rta

nt
Ju

dg
m

en
ts

 a
nd

 e
xp

er
ie

nc
e 

sl
ig

ht
ly

 fa
vo

r o
ne

 c
rit

er
io

n 
ov

er
 

an
ot

he
r

5
Fu

nd
am

en
ta

lly
 im

po
rta

nt
Ju

dg
m

en
ts

 a
nd

 e
xp

er
ie

nc
e 

str
on

gl
y 

fa
vo

r o
ne

 o
ve

r t
he

 o
th

er
7

Re
al

ly
 im

po
rta

nt
O

ne
 is

 st
ro

ng
ly

 fa
vo

re
d 

an
d 

its
 d

om
in

an
ce

 e
st

ab
lis

he
d 

in
 

pr
ac

tic
e

9
A

bs
ol

ut
el

y 
im

po
rta

nt
Ev

id
en

ce
 fa

vo
rin

g 
on

e 
cr

ite
rio

n 
ov

er
 a

no
th

er
 is

 o
f t

he
 h

ig
h-

es
t p

ro
ba

bl
e 

or
de

r o
f a

ffi
rm

at
io

n
2,

4,
6,

8
A

dj
ac

en
t

U
se

d 
w

he
n 

in
te

rm
ed

ia
te

 im
po

rta
nc

e 
is

 n
ee

de
d



Environ Monit Assess          (2026) 198:50 	 Page 11 of 32     50 

Vol.: (0123456789)

land suitability map is classified into four classes: 
highly suitable, moderately suitable, marginally suit-
able and not suitable (FAO, 1976 & 1983) (Table 8, 
and Table A10).

Land suitability analysis was carried out to assess 
the land suitability for current and projected climate 
data (RCP4.5 and RCP8.5) with the same elevation, 
soil, and slope data of Gilgelabay, Gumara, and Ribb 
for teff, rice, and corn crops (Fig. 5).

Detection of the suitability of agricultural land 
change

It is critical to detect changes in agricultural land 
expansion to comprehend past, present, and future 
tendencies in change. To detect the suitability of agri-
cultural land change, corn is selected because of its 
wide range of suitability criteria compared with teff 
and rice (Appendix Table A10). In addition, corn 
accounts for a larger proportion of the land suitability 
area than teff and rice in all three catchments (Appen-
dix Table A11). The change map of agricultural land 
was compared with the suitability map to assess 
whether the expansion of agricultural land between 
1988 and 2017 was based on suitability.

Results

Land use/land cover assessment

In 1988, agricultural land represented the largest por-
tion of the Gilgelabay catchment (47.5%), followed 
by forest (22.0%) (Figs. 6 and 7). The percentages of 
grassland, shrubland, and water were 18.5%, 11.6%, 
and 0.4%, respectively. In 1998 and 2017 in Gilgela-
bay, the percentage of land allocated for agriculture 
increased to 64.6% and 80.4%, respectively. Con-
sequently, in 1998, the percentages of forest, grass-
land, and shrubland decreased to 8.1%, 15.6%, and 
11.5%, respectively, and in 2017, they decreased to 
6.0%, 5.0%, and 7.7%, respectively. The water area 
increased to 0.76% of the catchment area in 2017, 
which may have been related to the construction of 
the Koga Reservoir in 2011.

Similarly, the 1988 LULC classification of the 
Gumara catchment revealed that agricultural land 
(54.9%) constituted the largest percentage of the 
catchment area. Here, shrubland (19.5%) was the Ta
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second dominant land cover, whereas forest (13.2%), 
grassland (12.2%), and water (0.3%) occupied smaller 
portions. In the Gumara catchment, the percentage 
of land allocated for agriculture increased to 75.7% 
(1998) and 87.3% (2017), and the percentages of 

forest, grassland, and shrubland decreased to 5.6%, 
7.2%, and 11.3% in 1998 and to 2.6%, 4.0%, and 
6.0% in 2017, respectively. During the entire analy-
sis period (1988–2017), the water area decreased by 
0.17%.

Table 8   Physical land suitability classification and descriptions used to standardize the data into these suitability classes (FAO, 
1976; Alemayehu, 2020). The parameter ranges for each class and the analyzed crops are provided in the appendix (Table A11)

Code Class Characteristics

S1 Highly suitable Land has no limitation for a given use. No need for a high level of input
S2 Moderately

suitable
Land has minor limitations that could reduce productivity or benefit. Adaptive inputs are required to 

reach the same yield as that of class S1
S3 Marginally suitable Land has moderate limitations for specific use, in which the amount of surplus input is only marginally 

justified
N Not suitable Land with severe limitations for land use is under consideration

Fig. 5   Flow chart for the analysis of the land suitability of crops
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Fig. 6   LULC maps of the Gilgelabay, Gumara, and Ribb catchments in 1988, 1998, and 2017
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Analysis of the 1988 classification of the Ribb 
catchment also revealed that agricultural land 
(65.3%) constituted the largest percentage of the 
catchment area. Like in the Gumara catchment, 
shrubland (20.8%) is the second dominant land 
cover type in the Ribb catchment. The percentages 
of forest, grassland, and water were 2.5%, 11.2%, 
and 0.2%, respectively. In 1998, the classification 
revealed that the percentages of land allocated for 
agriculture, forest, grassland, and water increased 
to 71.2%, 3.2%, 15.8%, and 0.3%, respectively, 
whereas shrubland decreased to 9.7%. The 
increase in forest area in 1998 might have been 
due to the conservation measures taken due to the 
policy of “forest conservation, development and 
utilization” enacted in 1994 to reduce land degra-
dation and increase soil fertility to increase agri-
cultural production. In 2017, a further increase in 
land allocated for agriculture (90.5%) and water 
(0.43%) was observed, but the percentages of for-
est, grassland, and shrubland decreased to 1.4%, 
3.3%, and 4.4%, respectively. The increase in 
water might be related to the construction of the 
Ribb Dam in 2016.

The image classification results were vali-
dated using ground truth data and a confusion 
matrix (Appendix Table, 1,  2,  3,  4,  5,  6,  7,  8,  9). 
The agreement in the catchments of Gilgelabay, 
Gumara, and Ribb is excellent for all time steps 
(Table  9). Additionally, the class-specific accura-
cies indicate good to very good accuracy for all 
classes at all time steps (Table 10)

LULC change analysis

Approximately 49.3%, 46.7%, and 33.0% of the 
Gilgelabay, Gumara, and Ribb catchments changed 
between 1988 and 2017, respectively (Fig. 8). Pop-
ulation growth is a major driver of these changes, 
resulting in a growing demand for food, fuel wood, 
and construction materials. The expansion of agri-
culture is due mainly to the conversion of forest, 
grassland, and shrubland into agriculture. How-
ever, this is also slightly different for the catch-
ments (Table  11). Forest areas were particularly 
affected (Fig.  8, 9), as forest clearing is also a 
source of income, particularly if no other income 
is available. These changes affect the water bal-
ance (Tigabu et  al., 2019) and potentially impact 
Lake Tana and downstream water users. 

When the three catchments are compared, the 
rate of change in agriculture in the Gilgelabay 
catchment is greater than that in the Gumara and 
Rib catchments (Fig. 9). This may be because the 

Fig. 7   Percentage of LULC 
classes in the Gilgelabay, 
Gumara, and Ribb catch-
ments for the years 1988, 
1998, and 2017

Table 9   Overall accuracyfor the 1988,1998, and 2017 LULC-
maps

Overall accu-
racy 1988

Overall accu-
racy 1998

Overall 
accuracy 
2017

Gilgelabay 89.7% 90% 90.4%
Gumara 90.4% 91.6% 90.8%
Ribb 90.4% 91.2% 90.4%
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availability of land, which can be converted into 
agricultural land, was greater in the Gilgelabay 
catchment than in the Gumara and Ribb catch-
ments (i.e., the availability of other land in 1988 
was 52.5% in Gilgelabay, 45.1% in Gumara, and 
34.7% in Ribb). Consequently, the rate of change 
for decreasing forest and grazing land is also the 
greatest in Gilgelabay.

Land suitability

Weight factors

The analytic hierarchy process (AHP) was used to calcu-
late weights for factor maps by dividing them pairwise. 
The weights were assigned on the basis of the specific 
requirements of crops and on the knowledge of farmers 

Table 10   Minimum and maximum user and producer accuracies for the 1988, 1998, and 2017 LULC maps

Gilgelabbay(1988–2017) Gumara (1988–2017) Ribb (1988–2017)

User accuracy Producer accuracy User accuracy Producer accuracy User accuracy Producer accuracy

Agriculture 88.8–91.7 91.3–92.8 90.4–92.9 92.9–94.4 91.4–94.0 92.0–93.0
Forest 88.6–91.5 88.6- 93.1 86.5–93.6 85.3–86.5 82.6–90.5 83.3–88.4
Grassland 83.9–87.5 75.0- 79.5 86.7–93.3 83.9–84.9 86.7–90.7 84.8–89.7
shrubland 87.5–88.0 84.6- 90.0 83.6–93.3 90.3–92.12 88.2–90.4 88.2–90.0
Water 95.5–100 91.3–100 100 100 100 100

Fig. 8   Changed LULC depicted with the LULC of 2017 and the areas that were not changed compared with the LULC of 1988 for 
the Gilgelabay, Gumara, and Ribb catchments
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and experts (Table 6). Climatic (temperature and rain-
fall) and topographic (elevation) factors were the domi-
nant criteria suggested by the experts because of the 
influence of climate on rain fed agricultural crops.

Land suitability analysis for major crops

In the Gilgelabay catchment, teff and corn are the most 
widely harvested crops. The current suitability map of 
Gilgelabay indicates that the percentages of highly suit-
able land for teff and corn were 33.1% (95,003 ha) and 
33.4% (96,057 ha), respectively. Under the RCP4.5 and 
RCP8.5 projected climate data for the years 2031–2060, 
the percentages of highly suitable land for teff and corn 
were 26.3% (75,552 ha) and 38.0% (109,260 ha), respec-
tively. These changes are related to changes in rainfall 
and temperature. The remaining moderately suitable, 
marginally suitable, and not suitable classes (Table  8, 
Table A11) indicate that the analyzed factors (elevation, 
soil texture, temperature, rainfall, and slope) limit the 
growth of the considered crops (Fig. 10).

In the Gumara catchment, teff, rice and corn are 
the dominant crops (Fig.  11). The percentages of 
highly suitable land for teff, corn, and rice were 21.4% 
(23,327 ha), 20.6% (22,439 ha), and 17% (18,548 ha), 
respectively. By using RCP4.5 and RCP8.5 projected 
climate data for the years 2031- 2060, the percentage 
of highly suitable land for teff remains the same as 

that in the baseline. However, rice and corn increased 
to 22.9% (24,961  ha) and 34.8% (37,990  ha) of the 
catchment area, respectively.

Furthermore, for the baseline, moderately suit-
able (49.2%, 32.1% and 28.6%), marginally suit-
able (14.3%, 25.9% and 48.6%) and not suitable land 
(15.1%, 25.0% and 2.3%) were assessed for teff, rice 
and corn, respectively.

Figure 12 shows that in the Ribb catchment, teff, 
rice, and corn are the dominant crops, and the pro-
portions of highly suitable land were approximately 
20.2% (28,894  ha), 36.6% (52,407  ha), and 42.1% 
(60,391  ha), respectively. In addition, the projected 
climate data from 2031–2060 revealed that the pro-
portion of highly suitable land remained the same 
for teff but increased for rice and corn to 54.8% 
(78,610 ha) and 43.9% (62,859 ha), respectively.

Detection of the suitability of agricultural land 
change

The suitability of agricultural land change was 
assessed by intersecting the corn suitability maps of 
the baseline (2017) and the change maps of the stud-
ied catchments (Table 12). Among the land used for 
agricultural expansion, marginally suitable land had 
the highest percentage, followed by moderately suit-
able land in all the studied catchments (40.8%, 46.6%, 

Fig. 9   Rate of change in LULC classes between 1988 and 2017 in ha/year for the Gilgelabay, Gumara, and Ribb catchments
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and 51.6% in Gilgelabay, Gumara, and Ribb, respec-
tively). Hence, most of the observed past land expan-
sion occurred in marginally suitable agricultural 
areas. This might be related to population growth and 
a high percentage of croplands or to farmers being 
less aware of the suitability status of land.

Discussion

In the Ethiopian highlands, population growth has 
led to LULC changes (Hussein, 2023; Meshesha 
et  al., 2016). Our analysis revealed pronounced 
changes between 1988 and 2017 in all three catch-
ments. Owing to population growth, agricultural 

land throughout all three catchments increased at the 
expense of other land cover types. The decrease in 
forest cover is related to the expansion of agricultural 
lands and the use of wood as construction material, 
fuel, and an additional source of income.

Figures  6 and 7 indicate that the agricultural 
land in the Gilgelabay, Gumara, and Ribb catch-
ments has increased to 80.38%, 87.34%, and 90.45%, 
respectively. However, the forest cover of Gilgela-
bay, Gumara, and Ribb has decreased by 6.03%, 
2.63%, and 1.42%, respectively, over three decades 
(1988–2017) because it is influenced by population 
growth. The significant increase in agricultural land 
agrees with findings of Rientjes et al. (2011) for the 
upper Gilgelabay catchment between 1973 and 2001. 

Table 11   Land use and 
land cover conversion 
matrices for Gilgelabay, 
Gumara, and Ribb. Changes 
are expressed in percent of 
the land use and land cover 
classes in 2017

Gilgelabay Gumara Ribb

LULC category Agriculture LULC category Agriculture LULC category Agriculture

Agriculture 53.9 Agriculture 57.0 Agriculture 69.0
Forest 16.7 Forest 10.4 Forest 1.6
Grassland 17.7 Grassland 12.7 Grassland 10.2
Water 0.3 Water 0.2 Water 0.1
Shrubland 11.4 Shrubland 19.6 Shrubland 19.1
LULC category Forest LULC category Forest LULC category Forest
Agriculture 16.8 Agriculture 23.5 Agriculture 42.0
Forest 65.1 Forest 59.7 Forest 38.5
Grassland 15.4 Grassland 2.2 Grassland 7.6
Water 0.2 Water 0.2 Water 0.0
Shrubland 2.6 Shrubland 14.4 Shrubland 12.0
LULC category Grassland LULC category Grassland LULC category Grassland
Agriculture 33.4 Agriculture 51.4 Agriculture 37.1
Forest 33.4 Forest 12.9 Forest 1.2
Grassland 27.8 Grassland 16.9 Grassland 42.9
Water 0.1 Water 0.3 Water 0.1
Shrubland 5.3 Shrubland 18.5 Shrubland 18.6
LULC category Water LULC category Water LULC category Water
Agriculture 6.5 Agriculture 66.6 Agriculture 65.4
Forest 21.9 Forest 1.4 Forest 0.2
Grassland 48.4 Grassland 12.6 Grassland 3.4
Water 19.6 Water 15.2 Water 24.2
Shrubland 3.7 Shrubland 4.1 Shrubland 6.8
LULC category Shrubland LULC category Shrubland LULC category Shrubland
Agriculture 17.9 Agriculture 39.2 Agriculture 18.1
Forest 36.1 Forest 33.6 Forest 10.7
Grassland 20.1 Grassland 5.2 Grassland 8.9
Water 0.2 Water 0.4 Water 0.0
Shrubland 25.7 Shrubland 21.6 Shrubland 62.2
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Wubie et  al. (2016) reported that cultivated land 
increased from 75.2% to 96.5% in the Gumara catch-
ment and that forest, shrub/bush, grazing land, and 
wetland areas decreased from 13.1%, 8.4%, 2.7%, and 

0.7% to 1.9%, 0.7%, 0.7%, and 0.2%, respectively, 
within 48  years (1957–2005). Nurelegn and Amare 
(2014) reported that within the period of 1973–2011 
in the Ribb catchment, the cultivated area increased 

Fig. 10   Land suitability 
maps for teff and corn in the 
Gilgelabay catchment for 
the current climate and the 
RCP4.5 and RCP8.5 future 
scenarios
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from 51.7% to 70.4%, and the forest, shrubland, 
and water areas decreased from 11.7%, 29.3%, and 
0.5% to 5.0%, 14.0%, and 0.2%, respectively. Minale 

(2013) also found that between 1973 and 2008, the 
percentage of cultivated land increased from 26.1% 
to 41.2% over a 35-year period. Agriculture rapidly 

Fig. 11   Land suitability maps for teff, corn, and rice in the Gumara catchment for the current climate and the RCP4.5 and RCP8.5 
future scenarios
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replaced forest, grassland and shrubland. One of the 
main factors influencing LULC changes is the expan-
sion of agriculture, which is linked to population 

growth (Abuhay et  al., 2023; Berihun et  al., 2019; 
Hussein, 2023; Rientjes et al., 2011; Tewabe & Fen-
tahun, 2020). This is perhaps due to the absence of 

Fig. 12   Land suitability maps for teff, corn, and rice in the Ribb catchment for the current climate and the RCP4.5 and RCP8.5 
future scenarios
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coordination between the land distribution policy 
and the family planning policy. Moreover, the degra-
dation of vegetation, such as forest, shrub/bushland, 
and grassland, can be observed. Abebe and Minale 
(2017) also reported that LULC changes were associ-
ated with poor land use policy implementation, low 
technical and financial capacity, little to no incen-
tives, and frequent restructuring of key institutions 
at the national and regional levels. Additionally, land 
use planning can support community development by 
assisting the state in land resource management tech-
niques, promoting appropriate land use, and protect-
ing land resources to predict sustainable development 
and food security. Agriculture is the main economic 
activity in the study areas; therefore, the observed 
changes are directly related to agricultural devel-
opment. The expansion of agricultural land at the 
expense of other LULC classes found in this study is 
well supported by the literature.

According to Eshetu (2014), recent land tenure in 
Ethiopia can be classified into three time periods. Before 
1975, land tenure was based on a feudal system where 
land was concentrated in the hands of landlords and 
the church (Chala, 2016). Tenure rights were highly 
insecure. Owing to the overthrow of the feudal regime 
in 1974 and the Marxist-oriented government of the 
Derg, ownership of all rural land was given to the state 
for the distribution of use rights to cultivators through 

local peasant associations. The further transfer of land 
rights through sales, leases, and inheritance was very 
restricted. The government that took power in 1991 fol-
lowing the fall of the Derg, however, followed a free-
market philosophy that has made little change to farm-
ers’ land rights, which are still considered inadequate. 
Farmers mentioned that land management throughout 
catchments is poor because of land tenure policy. They 
noted that if land became individually owned, inhabit-
ants would be more committed to sustainable land man-
agement (Nurelegn & Amare, 2014). Hence, changes in 
land tenure policy may support sustainable land man-
agement. Decreasing soil productivity over several years 
is another factor for the expansion of agricultural lands 
(Gomes et al., 2019). Farmers expand their plots simply 
by clearing forests and farming steep slopes to achieve a 
higher yield instead of using fertilizer because of its high 
cost. Nurelegn& Amare (2014) also reported that farm-
ers do not have enough land, they do not use chemical 
fertilizers because of high financial costs, and no tech-
nique to manage soil loss is applied. Afforestation pro-
grams have been implemented in different years in the 
past (Takele et al., 2022). An afforestation program was 
carried out in Ethiopia between 2011 and 2015. In 2019, 
the government initiated the Green Legacy and organ-
ized an afforestation program that broke world records 
by planting 350 million trees daily and 4 billion trees in 
total. However, a mechanism should be established to 
protect planted trees. It can be recommended to counter-
act deforestation and land degradation by changing the 
land tenure policy, protecting planted trees, reducing the 
cost of fertilizer, and making inhabitants aware of sus-
tainable land management practices.

For the RCP4.5 and RCP8.5 climate scenarios, the 
proportions of suitability classes of major crops in all 
catchments have the same values. Hence, the impacts 
of the considered midterm future climate predictions of 
RCP4.5 and RCP8.5 were not sensitive to land suitabil-
ity. This is due to the fact that differences in the tem-
perature and rainfall values under RCP4.5 and RCP8.5 
were small in the midterm future prediction, resulting 
in the same suitability classes. In the Gilgelabay catch-
ment, the baseline proportion of highly suitable land for 
corn was approximately 33.4%, but when the projected 
climate data for RCP4.5 and RCP8.5 were used, the 
proportion of highly suitable land increased to 38.0%. 
This is related to an increase in the average temperature 
from 15–20  °C in the baseline period to 20.6–21  °C 
and 21.2–22 °C for RCP4.5 and RCP8.5, respectively. 

Table 12   Detection of the suitability of agricultural land 
expansion

Catchments Suitability Class Percentage

Gilgelabay N 1.1%
S1 22.3%
S2 35.8%
S3 40.8%
Total 100%

Gumara N 1.1%
S1 14. 2%
S2 38.1%
S3 46.6%
Total 100%

Ribb N 0.9%
S1 4.7%
S2 42.7%
S3 51.7%
Total 100%
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The temperature ranges in the future scenarios 
strongly overlap with the highly suitable range for corn 
(17.5–22.5  °C, Table A11).The proportions of highly 
suitable areas for rice in the catchments of Gumara and 
Ribb were greater for both RCP4.5 and RCP8.5 than for 
the baseline, i.e., from 17.0% and 36.6% to 22.9% and 
43.9%, respectively. This might be associated with an 
increase in the annual mean rainfall, i.e., greater than 
1400 mm, which is highly suitable for rice (Table A11). 
According to Alemayehu et al. (2020) and Fekadu and 
Negese (2020), the amount of rainfall in the area is 
ideal for enabling the growth and development of these 
crops. This shows and suggests how climate change 
affects crop production in the future and, consequently, 
smallholder farmers’ livelihoods.

The area of highly suitable land for teff is greater 
in Gilgelabay than in Gumara and Ribb under all cli-
mate conditions. This can be explained by the avail-
ability of land and other climatic and topographi-
cal factors. In Ribb, the highly suitable land for rice 
was greater than that in the Gumara catchment. This 
might be explained by a gentler slope and a larger 
percentage of lowlands because lower elevations are 
associated with higher temperatures, resulting in a 
more suitable environment for rice. On the basis of 
these findings, climatic factors (temperature and rain-
fall) and topographic factors (elevation) are the domi-
nant factors influencing the suitability of teff, corn, 
and rice. Areas with high elevations (1800–2200 m) 
and lower temperatures (15–20  °C) are most suit-
able for teff, and areas with low-to-medium eleva-
tions (1500–2200  m) and higher temperatures 
(17.5–22.5 °C) are most suitable for corn, which is in 
agreement with the findings of Agidew (2015); Ale-
mayehu et al. (2020), and Debesa et al. (2020).

Overall, there is a strong connection between land 
suitability and LULC. Everest et  al. (2021) asserted 
that land suitability analysis is one of the most impor-
tant methods for sustainable land use. Furthermore, 
land must be used appropriately to maximize its poten-
tial and capabilities (Everest et  al., 2021). Owing to 
limited data availability, only a limited number of fac-
tors were considered for the requirements of teff, rice, 
and corn crops. However, other factors, such as socio-
economic and environmental variables, can also be 
considered when assessing land suitability. Although 
the technique has been applied only for major crops in 
the area (teff, rice, and corn), it is also applicable for 
other crops (e.g., pulses and oilseeds).

Conclusions

On the basis of the LULC analysis, a pronounced 
increase in agricultural area in all three catchments 
during the last three decades was found. This is due 
to population growth and the associated increased 
demand for land and wood, e.g., resulting in the clear-
ing of forests for fuel and construction purposes and 
as a source of income. Deforestation also causes soil 
erosion and nutrient depletion and may decrease land 
productivity. The major limiting factor for the increase 
in agriculture is suitable land for conversion. The high 
percentages of agricultural areas show that the poten-
tial for agricultural expansion will be rather limited in 
the future. Therefore, to meet future demands for food, 
an intensification of agricultural land is necessary. Past 
trends in LULC should shift toward better resource 
management, e.g., conservation of existing vegetation, 
afforestation to conserve natural resources, and main-
taining the productivity of the soil by creating aware-
ness for appropriate land management practices.

Land suitability for agriculture is significant in agri-
cultural development and future planning. Most parts 
of the Gilgelabay, Gumara, and Ribb catchments were 
moderately suitable for the given crops. With respect 
to future developments, using projected climate data 
for RCP4.5 and RCP8.5 showed that the proportion of 
suitable land for corn increased in all catchments. This 
is primarily associated with an increase in temperature. 
The increase in suitable areas for rice in the Gumara 
and Ribb catchments can be related to an increase in 
rainfall. Based on these findings, crop land suitability 
will change in the future. Land suitability assessment 
for agricultural purposes can help decision makers 
determine how appropriate a specific use of the land is 
in a specific location for a certain crop. Thus, land suit-
ability is essential for maximizing crop production by 
using land according to its potential and capabilities. 
Moreover, the applied methodology can be transferred 
to other regions and is applicable for other crops (e.g., 
pulses, oilseeds) as well.

Recommendation

In summary, the following measures can be recom-
mended to mitigate the impacts of LULC change and 
potential land suitability evaluation for major crops:

Addressing deforestation:
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•	 Conservation measures through an afforestation 
program are an immediate requirement. In addi-
tion, planted trees should be protected.

•	 Alternatives to using timber for fuel must be given 
to inhabitants to decrease deforestation and protect 
the environment.

•	 Income alternatives should be created so that local 
inhabitants do not need to resort to selling forest 
products.

Addressing agricultural expansion:

•	 Provide fertilizers at low costs to intensify agricul-
ture instead of converting other areas to new agri-
cultural land.

•	 Farming practices can be upgraded by using the 
Integrated Decision Support System (IDSS) to 

solve complex issues related to agricultural sys-
tems with the aid of concerned stakeholders.

Addressing the drivers of LULC change:

•	 Create awareness of family planning to manage 
population growth by relevant experts.

•	 Raising awareness throughout the region about 
the optimal use of natural resources, conserva-
tion systems, and their benefits. This could play 
a significant role in the rehabilitation of the envi-
ronment.

Monitoring LULC change:
LULC changes in the catchments should be 

monitored on a regular basis to assess whether the 
observed trends persist.

Appendix

Accuracy assessments

Gilgelabay confusion matrix

Table 13   Table A1: Confusion matrix for validation of the 1988 land use and land cover map

Classified types determined from reference source

Class types determined 
from classified map

Plots Agriculture Forest Grass
land

Shrub
land

Water Total User 
accu-
racy (%)

F1 score

Agriculture 103 3 6 3 1 116 88.79 0.92
Forest 3 52 2 0 0 57 91.22 0.92
Grassland 2 1 35 1 1 40 87.50 0.81
Shrubland 1 0 2 22 0 25 88.00 0.86
Water 0 0 1 0 21 22 95.45 0.93
Total 109 56 46 26 23 260
Producer accuracy (%) 94.49 92.85 76.09 84.62 91.30
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Gumara confusion matrix

Table 14   Table A2: Confusion matrix for validation of the 1998 land use and land cover map

Classified types determined from reference source

Class types determined 
from classified map

Plots Agriculture Forest Grass
land

Shrub
land

Water Total User 
accuracy 
(%)

F1 score

Agriculture 94 5 3 3 0 105 89.52 0.9
Forest 3 63 3 0 0 69 91.30 0.91
Grassland 3 0 21 1 0 25 84.00 0.8
Shrubland 3 1 1 36 0 41 87.80 0.89
Water 0 0 0 0 20 20 100 1
Total 103 69 28 40 20 260
Producer accuracy (%) 91.26 91.30 75.00 90.00 100

Table 15   Table A3: Confusion matrix for validation of the 2017 land use and land cover map

Classified types determined from reference source

Class types determined 
from classified map

Plots Agriculture Forest Grass
land

Shrub
land

Water Total User 
accuracy 
(%)

F1 score

Agriculture 110 2 4 4 0 120 91.67 0.92
Forest 1 31 2 1 0 35 88.57 0.89
Grassland 3 2 26 0 0 31 83.87 0.81
Shrubland 5 0 1 42 0 48 87.50 0.88
Water 0 0 0 0 26 26 100 1
Total 119 35 33 47 26 260
Producer accuracy (%) 92.44 88.57 78.79 89.36 100

Table 16   Table A4: Confusion matrix for validation of the 1988 land use and land cover map

Classified types determined from reference source

Class types determined 
from classified map

Plots Agriculture Forest Grass
land

Shrub
land

Water Total User 
accuracy 
(%)

F1 score

Agriculture 104 4 3 4 0 115 90.43 0.92
Forest 2 32 1 2 0 37 86.49 0.86
Grassland 3 1 26 0 0 30 86.67 0.85
Shrubland 3 0 1 56 0 60 93.33 0.92
Water 0 0 0 0 8 8 100 1
Total 112 37 31 62 8 250
Producer accuracy (%) 92.86 86.49 83.87 90.32 100
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Ribb confusion matrix

Table 17   Table A5: Confusion matrix for validation of the 1998 land use and land cover map

Classified types determined from reference source

Class types determined 
from classified map

Plots Agriculture Forest Grass
land

Shrub
land

Water Totals User 
accu-
racy (%)

F1 score

Agriculture 118 2 3 4 0 127 92.91 0.94
Forest 2 29 0 0 0 31 93.55 0.89
Grassland 2 0 28 0 0 30 93.33 0.89
Shrubland 3 3 2 47 0 55 85.45 0.89
Water 0 0 0 0 7 7 100 1
Total 125 34 33 51 7 250
Producer accuracy (%) 94.40 85.29 84.85 92.16 100

Table 18   Table A6: Confusion matrix for validation of the 2017 land use and land cover map

Classified types determined from reference source

Class types deter-
mined from classi-
fied map

Plots Agriculture Forest Grassland Shrub
land

Water Total User 
accu-
racy 
(%)

F1 score

Agriculture 117 3 3 4 0 127 92.13 0.93
Forest 2 29 0 0 0 31 93.55 0.86
Grassland 2 0 28 0 0 30 93.33 0.89
Shrubland 3 4 2 46 0 55 83.64 0.88
Water 0 0 0 0 7 7 100 1
Total 124 36 33 50 7 250
Producer accuracy (%) 94.35 80.56 84.85 92 100

Table 19   Table A7: Confusion matrix for validation of the 1988 land use and land cover map

Classified types determined from reference source

Class types determined 
from classified map

Plots Agriculture Forest Grass
land

Shrub
land

Water Total User 
accuracy 
(%)

F1 score

Agriculture 104 2 4 4 0 114 91.23 0.92
Forest 2 19 1 1 0 23 82.62 0.84
Grassland 4 0 49 1 0 54 90.74 0.9
Shrubland 3 1 1 47 0 52 90.38 0.89
Water 0 0 0 0 7 7 100 1
Total 113 22 55 53 7 250
Producer accuracy (%) 92.04 86.36 89.09 88.68 100
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Table 20   Table A8: Confusion matrix for validation of the 1998 land use and land cover map

Classified types determined from reference source

Class types determined 
from classified map

Plots Agriculture Forest Grassland Shrubland Water Total User 
accuracy 
(%)

F1 score

Agriculture 109 3 4 2 0 118 92.37 0.93
Forest 1 25 2 1 0 29 86.21 0.85
Grassland 4 1 52 1 0 58 89.66 0.89
Shrubland 2 1 0 36 0 39 92.31 0.91
Water 0 0 0 0 6 6 100 1
Total 116 30 58 40 6 250
Producer accuracy (%) 93.96 83.33 89.66 90 100

Table 21   Table A9: Confusion matrix for validation of the 2017 land use and land cover map

Classified types determined from reference source

Class types determined 
from classified map

Plots Agriculture Forest Grass
land

Shrub
land

Water Total User accuracy 
(%)

F1 score

Agriculture 106 3 5 2 0 116 91.38 0.92
Forest 2 38 1 1 0 42 90.48 0.89
Grassland 4 1 39 1 0 45 86.67 0.86
Shrubland 2 1 1 30 0 34 88.24 0.88
Water 0 0 0 0 13 13 100 1
Total 114 43 46 34 13 250
Producer accuracy (%) 92.98 88.37 84.78 88.24 100

Table 22   Table A10: Land use requirements for rainfed agriculture based on land characteristics (FAO, 1984; Dent & Ridgway, 
1986; Seyfu, 1997; Mohammed, 2003; Lupia, 2012; Asmaamw et al., 2015; Ayehu&Besufekad, 2015; Esa&Assen, 2017)

Crop types

Rice
Land quality and code Diagnostic factors Unit S1 S2 S3 N
Moisture availability (m) Mean rainfall mm  > 1400 900–1400 500–900  < 500
Temperature regime (T) Temperature °C 20–30 18–20  > 30  < 18

Altitude m 0–600 600–1200 1200–1800  > 1800
Land workability (p) Texture, Class C, SC, SCL S,CL SL,L Sandy
Erosion hazard (e) Slope gradient % 0–4 4–8 8–20  > 20
Corn
Moisture availability (m) Mean rainfall mm 500–750 400–500;750–1200 300–400;1200–1600  < 300; > 1600
Temperature regime (T) Temperature Co 17.5–22.5 15–17.5; 22.5–25 13–15; 25–32  < 13; > 32

Altitude m 1500–2200 1000–1500;2200–2400 2400–3200  < 1000; > 3200
Land workability (p) Texture, Class1 S, LS, SL, L SiL, Si, SCL,CL, SiCL SC, SiC, C SC, SiC, C
Erosion hazard (e) Slope gradient % 0–5 0–15 15–30  > 30
Teff
Moisture availability (m) Mean rainfall mm 400–550 300–400; 550–800 200–300;800–1200  < 200; > 1200
Temperature regime (T) Temperature Co 15–20 12.5–15; 20–25 25–30  < 12.5; > 30

Altitude m 1800–2200 1000–1600;1600–
1800;2200–2400

2400–2800  < 1000; > 2800

Land workability (p) Texture, Class1 S, LS, SL,L SiL, Si, SCL,CL, SiCL SC, SiC, C HC
Erosion hazard (e) Slope gradient % 0–5 0–15 15–30  > 30
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Table 23   Table A11: Land 
suitability area proportion 
in ha and percentage 
of major crops of the 
Gilgelabay, Gumara and 
Ribb catchments

Gilgelabay Baseline Teff % Corn %

N 51,430.6 17.9 15,629.1 5.4
S1 95,003.4 33.1 96,057.6 33.4
S2 126,318.1 43.9 118,001.3 41.1
S3 14,681.5 5.1 57,745.5 20.1

287,433.5 100.0 287,433.5 100.0
RCP4.5 Teff % Corn %
N 51,430.6 17.9 15,629.1 5.4
S1 75,552.6 26.3 109,260.6 38.0
S2 88,223.4 30.7 119,921.2 41.7
S3 72,227.0 25.1 42,622.6 14.8

287,433.5 100.0 287,433.5 100.0
RCP8.5 Teff % Corn %
N 51,430.6 17.9 15,629.1 5.4
S1 75,552.6 26.3 109,260.6 38.0
S2 88,223.4 30.7 119,921.2 41.7
S3 72,227.0 25.1 42,622.6 14.8

287,433.5 100.0 287,433.5 100.0
Gumara Baseline Teff % Corn % Rice %

N 16,434.4 15.1 2468.2 2.3 27,243.7 25.0
S1 23,327.4 21.4 22,439.3 20.6 18,548.2 17.0
S2 53,687.5 49.2 31,153.2 28.6 35,044.3 32.1
S3 15,650.2 14.3 53,038.8 48.6 28,263.3 25.9

109,099.5 100.0 109,099.5 100.0 109,099.5 100.0
RCP4.5 Teff % Corn % Rice %
N 16,434.4 15.1 2468.2 2.3 27,243.7 25.0
S1 23,327.4 21.4 37,990.3 34.8 24,961.7 22.9
S2 53,687.5 49.2 43,865.5 40.2 28,630.8 26.2
S3 15,650.2 14.3 24,775.6 22.7 28,263.3 25.9

109,099.5 100.0 109,099.5 100.0 109,099.5 100.0
RCP8.5 Teff % Corn % Rice %
N 16,434.4 15.1 2468.2 2.3 27,243.7 25.0
S1 23,327.4 21.4 37,990.3 34.8 24,961.7 22.9
S2 53,687.5 49.2 43,865.5 40.2 28,630.8 26.2
S3 15,650.2 14.3 24,775.6 22.7 28,263.3 25.9

109,099.5 100.0 109,099.5 100.0 109,099.5 100.0
Ribb Baseline Teff % Corn % Rice %

N 6380.2 4.5 2399.6 1.7 15,868.6 11.1
S1 28,894.7 20.2 60,391.9 42.1 52,407.4 36.6
S2 94,233.1 65.7 38,977.6 27.2 46,962.1 32.8
S3 13,827.2 9.6 41,566.0 29.0 28,097.0 19.6

143,335.1 100.0 143,335.1 100.0 143,335.1 100.0
RCP4.5 Teff % Corn % Rice %
N 6380.2 4.5 2399.6 1.7 15,868.6 11.1
S1 28,894.7 20.2 78,610.5 54.8 62,859.2 43.9
S2 94,233.1 65.7 44,517.2 31.1 36,510.3 25.5
S3 13,827.2 9.6 17,807.7 12.4 28,097.0 19.6

143,335.1 100.0 143,335.1 100.0 143,335.1 100.0
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References

Abdo, K., Fiseha, B., Rientjes, T., Gieske, A., & Haile, A. 
(2009). Assessment of climate change impacts on the 
hydrology of Gilgel Abay catchment in Lake Tana 
basin, Ethiopia. Hydrological Processes, 23(26), 
3661–3669.

Abebe, W. B., & Minale, A. S. (2017). Land use and water-
shed management practices in Lake Tana Basin. Social 
and ecological system dynamics: characteristics, 
trends, and integration in the Lake Tana Basin, Ethio-
pia, 479–521.

Abuhay, W., Gashaw, T., & Tsegaye, L. (2023). Assessing 
impacts of land use/land cover changes on the hydrology 
of Upper Gilgelabay watershed using the SWAT model. 
Journal of Agriculture and Food Research, 12, Article 
100535.

Adem, A. A., Tilahun, S. A., Ayana, E. K., Worqlul, A. 
W., Assefa, T. T., Dessu, S. B., & Melesse, A. M. 
(2016). Climate change impact on stream flow in 
the upper Gilgel Abay Catchment, Blue Nile Basin, 
Ethiopia. In Landscape Dynamics, Soils and Hydro-
logical Processes in Varied Climates (pp. 645–673): 
Springer.Amogne, A. E. (2014). Forest resource man-
agement systems in Ethiopia: Historical perspec-
tive. International Journal of Biodiversity and Conser-
vation, 6(2), 121–131.

Admassie, A., & Abebaw, D. (2021). Ethiopia-land, climate, 
energy, agriculture and development: A study in the 
sudano-sahel initiative for regional development, jobs, 
and food security.

Admasu, S., Yeshitela, K., & Argaw, M. (2023). Impact of land 
use land cover changes on ecosystem service values in 
the Dire and Legedadi watersheds, central highlands of 
Ethiopia: Implication for landscape management deci-
sion making. Heliyon. https://​doi.​org/​10.​1016/j.​heliy​on.​
2023.​e15352

ADSWE (2017).Spatial Data of Land use and Soil at the Scale 
of 1: 50,000. Amhara Design and Supervision Works 
Enterprise, Bahir Dar, Ethiopia.

Agidew, A. A. (2015). Land suitability evaluation for sorghum 
and barley crops in South Wollo Zone of Ethiopia. Jour-
nal of Economics and Sustainable Development, 6(1), 
14–26.

AGNES (Africa Group of Negotiators Expert Support), (2020). 
Land Degradation and Climate Change in Africa. Policy 
Brief No. 2.

http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1016/j.heliyon.2023.e15352
https://doi.org/10.1016/j.heliyon.2023.e15352


Environ Monit Assess          (2026) 198:50 	 Page 29 of 32     50 

Vol.: (0123456789)

Alemayehu, F., Tolera, M., & Tesfaye, G. (2019). Land use 
land cover change trend and its drivers in Somodo water-
shed south western, Ethiopia. African Journal of Agricul-
tural Research, 14(2), 102–117.

Alemayehu, S., Ayana, E. K., Dile, Y. T., Demissie, T., Yimam, 
Y., Girvetz, E., & Worqlul, A. W. (2020). Evaluating 
land suitability and potential climate change impacts on 
alfalfa (Medicago sativa) production in Ethiopia. Atmos-
phere, 11(10), Article 1124.

Amogne, A. E. (2014). Forest resource management systems in 
Ethiopia: Historical perspective. International Journal of 
Biodiversity and Conservation, 6(2), 121–131.

Backer, W. H., Feringa, W., Gieske, A. S., Giorte, B. G., 
Grabmaier, K. A., Hiecker, C. A. (2009). Principles of 
remote sensing: An introductory textbook. Enschedde: 
The International Institute for Geo-information and Earth 
Observation.

Bagherzadeh, A., & Mansouri Daneshvar, M. R. (2011). Physi-
cal land suitability evaluation for specific cereal crops 
using GIS at Mashhad Plain, Northeast of Iran. Frontiers 
of Agriculture in China, 5(4), 504–513.

Berg, P., Feldmann, H., & Panitz, H. J. (2012). Bias correction 
of high resolution regional climate model data. Journal 
of Hydrology, 448, 80–92.

Berihun, M. L., Tsunekawa, A., Haregeweyn, N., Meshesha, D. 
T., Adgo, E., Tsubo, M., Masunaga, T., Fenta, A. A., Sul-
tan, D., & Yibeltal, M. (2019). Exploring land use/land 
cover changes, drivers and their implications in contrast-
ing agro-ecological environments of Ethiopia. Land Use 
Policy, 87, Article 104052.

Cassman, K. G., Grassini, P., & van Wart, J. (2010). Crop 
yield potential, yield trends, and global food security in 
a changing climate (pp. 37–51). Handbook of climate 
change and agroecosystems. Imperial College Press.

Cengiz, T., & Akbulak, C. (2009). Application of analytical hier-
archy process and geographic information systems in land-
use suitability evaluation: A case study of Dümrek village 
(Çanakkale, Turkey). International Journal of Sustainable 
Development and World EcoloGy, 16(4), 286–294.

Central Statistical Authority (CSA) (2017). Population Projec-
tion of Ethiopia for All Regions at Wereda Level from 
2014 – 2017. Addis Abeba, Ethiopia.

Central Statistical Authority (CSA) (2018). Agricultural sam-
ple survey 2017/18, report on area and production for 
major crops, volume I, Addis Ababa, Ethiopia.

Chakilu, G., & Moges, M. (2017). Assessing the land use/cover 
dynamics and its impact on the low flow of Gumara 
Catchment, Upper Blue Nile Basin, Ethiopia. Hydrol 
Current Res, 7(268).

Chala, T. (2016). Analysis of politics in the land tenure system: 
Experience of successive Ethiopian regimes since 1930. 
African Journal of Political Science and International 
Relations, 10(9), 111–118.

Chanie, A. M., Pei, K. Y., Lei, Z., & Zhong, C. B. (2018). 
Rural development policy: What does Ethiopia need to 
ascertain from China rural development policy to erad-
icate rural poverty? American Journal of Rural Devel-
opment, 6(3), 79–93.

Chen, H. S., Liu, G. S., Yang, Y. F., Ye, X. F., & Zhou, S. 
H. I. (2010a). Comprehensive evaluation of tobacco 

ecological suitability of Henan Province based on GIS. 
Agricultural Sciences in China, 9(4), 583–592.

Chen, Y., Yu, J., & Khan, S. (2010b). Spatial sensitivity analy-
sis of multi-criteria weights in GIS-based land suitability 
evaluation. Environmental Modelling& Software, 25(12), 
1582–1591.

Dang, A. N., & Kawasaki, A. (2017). Integrating biophysical 
and socio-economic factors for land-use and land-cover 
change projection in agricultural economic regions. Eco-
logical Modelling, 344, 29–37.

Debesa, G., Gebre, S. L., Melese, A., Regassa, A., & Teka, 
S. (2020). GIS and remote sensing-based physical land 
suitability analysis for major cereal crops in Dabo Hana 
district, South-West Ethiopia. Cogent Food & Agricul-
ture, 6(1), Article 1780100.

Dejen, E., Anteneh, W., & Vijverberg, J. (2017). The decline of 
the Lake Tana (Ethiopia) fisheries: Causes and possible 
solutions. Land Degradation & Development, 28(6), 1842.

Demissie, M., Knapp, H. V., &Parmar, P. S. (2004). Modeling 
the complex hydrology and hydraulics of the Lower 
Cache River.In Critical Transitions in Water and Envi-
ronmental Resources Management (pp. 1–10).

Dibaba, W. T., Demissie, T. A., & Miegel, K. (2020). Drivers and 
implications of land use/land cover dynamics in Finchaa 
catchment, northwestern Ethiopia. Land, 9(4), Article 113.

Esa, E., & Assen, M. (2017). A GIS based land suitability 
analysis for sustainable agricultural planning in Gelda 
catchment, Northwest Highlands of Ethiopia. Journal of 
Geography and Regional Planning, 10(5), 77–91.

Eshetu, A. A. (2014). Forest resource management systems in 
Ethiopia: Historical perspective. International Journal of 
Biodiversity and Conservation, 6(2), 121–131.

Everest, T. İM. U. Ç. İN., Sungur, A., & Özcan, H. (2021). 
Determination of agricultural land suitability with a mul-
tiple-criteria decision-making method in Northwestern 
Turkey. International Journal of Environmental Science 
and Technology, 18, 1073–1088.

Fahad, S., & Wang, J. (2020). Climate change, vulnerability, 
and its impacts in rural Pakistan: A review. Environ-
mental Science and Pollution Research, 27, 1334–1338.

FAO (1976). A Framework for Land Evaluation. Rome, Italy: 
Author., 1976.

FAO (1983). Guidelines: Land Evaluation for Rainfed Agri-
culture Food and Agriculture Organization of the 
United Nations.” Soils Bulletin 52.

FAO (1997). FAO’s Land Cover and Land Use Activities.
FAO (2019). Developing sustainable value chains for small-

scale livestock producers. Edited by G. Leroy & M. 
Fernando. FAO Animal Production and Health Guide-
lines No. 21. Rome.

Fekadu, E., & Negese, A. (2020). GIS assisted suitabil-
ity analysis for wheat and barley crops through AHP 
approach at Yikalo sub-watershed, Ethiopia. Cogent 
Food & Agriculture, 6(1), Article 1743623.

Gebreyesus, B. (2016). The effect of livelihood diversifica-
tion on household income: Evidence from rural Ethio-
pia. International Journal of African and Asian Stud-
ies, 20(1), 1–12.

Getachew, B., & Manjunatha, B. R. (2022). Impacts of land-
use change on the hydrology of Lake Tana Basin, 



	 Environ Monit Assess          (2026) 198:50    50   Page 30 of 32

Vol:. (1234567890)

Upper Blue Nile River Basin, Ethiopia. Global Chal-
lenges, 6(8), Article 2200041.

Girma, R., Moges, A., & Fürst, C. (2023). Integrated modeling 
of land degradation dynamics and insights on the possi-
ble future management alternatives in the Gidabo River 
basin, Ethiopian Rift Valley. Land, 12(9), Article 1809.

Girmay, G., Sebnie, W., & Reda, Y. (2018). Land capabil-
ity classification and suitability assessment for selected 
crops in Gatenocatchment, Ethiopia. Cogent Food & 
Agriculture, 4(1), Article 1532863.

Gomes, L., Simões, S. J., Dalla Nora, E. L., de Sousa-Neto, E. 
R., Forti, M. C., & Ometto, J. P. H. (2019). Agricultural 
expansion in the Brazilian cerrado: Increased soil and 
nutrient losses and decreased agricultural productivity. 
Land, 8(1), 12.

Hamere Yohannes, H. Y., & Teshome Soromessa, T. S. (2018). 
Land suitability assessment for major crops by using 
GIS-based multi-criteria approach in Andit Tid water-
shed, Ethiopia.’

Hussein, A. (2023). Impacts of land use and land cover change 
on vegetation diversity of tropical highland in Ethiopia. 
Applied and Environmental Soil Science, 2023(1), Article 
2531241.

Kenzong, B., Bitondo, D., Tamfuh, P. A., Kameni, G. S. K., 
Vounang, J. G., Enang, R. K., & Bitom, D. (2022). 
Assessing and mapping land suitability units for maize 
(Zea mays L) production using integrated DEMATEL-
ANP model and GIS in the foumbot agricultural basin 
(Cameroon Western Highlands). Journal of Geoscience 
and Environment Protection, 10(6), 57–85.

 Khan, M. A., Ahmad, R., & Khan, H. H. (2022). Multi-criteria 
land suitability analysis for agriculture using AHP and 
remote sensing data of northern region India. In  Geo-
graphic information systems and applications in coastal 
studies. IntechOpen.

Kibret, K., & Robai, L. N. (2015). Climate change impact on 
land suitability for rainfed crop production in Lake Hara-
mayacatchment, eastern Ethiopia (Doctoral dissertation, 
Haramaya University).

Kidane, M., Bezie, A., Kesete, N., & Tolessa, T. (2019). The 
impact of land use and land cover (LULC) dynamics 
on soil erosion and sediment yield in Ethiopia. Heliyon. 
https://​doi.​org/​10.​1016/j.​heliy​on.​2019.​e02981

Kisaka, M. O., Mucheru-Muna, M., Ngetich, F. K., Mugwe, 
J. N., Mugendi, D., & Mairura, F. (2015). Rainfall 
variability, drought characterization, and efficacy of 
rainfall data reconstruction: Case of eastern Kenya. 
Advances in Meteorology. https://​doi.​org/​10.​1155/​
2015/​380404

Lambin, E. F., Turner, B. L., Geist, H. J., Agbola, S. B., 
Angelsen, A., Bruce, J. W., Coomes, O. T., Dirzo, R., 
Fischer, G., Folke, C., George, P. S., Homewood, K., 
Imbernon, J., Leemans, R., Li, X., Moran, E. F., Mor-
timore, M., Ramakrishnan, P. S., Richards, J. F., … 
Xu, J. (2001). The causes of land-use and land-cover 
change: Movingbeyond the myths. Global Environmental 
Change, 11(4), 261–269. https://​doi.​org/​10.​1016/​S0959-​
3780(01)​00007-3

Ligdi, E. E., El Kahloun, M., & Meire, P. (2010). Ecohydro-
logical status of Lake Tana. A shallow highland lake in 

the Blue Nile (Abbay) basin in Ethiopia. Ecohydrology & 
Hydrobiology, 10(2–4), 109–122.

Liu, Q. (2022). Identifying and correcting the defects of the 
Saaty analytic hierarchy/network process: A compara-
tive study of the Saaty analytic hierarchy/network pro-
cess and the Markov chain-based analytic network 
process. Operations Research Perspectives, 9, Article 
100244.

Lombardi, A., & Deer Lodge, M. (2012). Ethiopia: Manag-
ing water and adapting farming practices to provide food 
security.

MEFCC (Ministry of Environment, Forest and Climate 
Change), (2018). National Forest Sector Development 
Program, Ethiopia. Volume II: Program Pillars, Action 
Areas and Targets. Ministry of Environment, Forestry, 
and Climate Change, Addis Ababa, Ethiopia.

Mengstu, D. M. (2016).  GIS And Remote Sensing Based 
Assessment of the Population Pressure on Land Use/
Land Cover Change of Legedadi Catchments Area and 
Its Impact on the Legedadi Water Reservior, Central 
Ethiopia (Doctoral dissertation, Addis Ababa University 
Addis Ababa, Ethiopia).

Meshesha, T. W., Tripathi, S. K., & Khare, D. (2016). Analy-
ses of land use and land cover change dynamics using 
GIS and remote sensing during 1984 and 2015 in the 
Beressa watershed Northern Central Highland of Ethio-
pia. Modeling Earth Systems and Environment, 2, 1–12.

Minale, A. S. (2013). Retrospective analyses of land cover 
and use dynamicsingilgelabbay watershed by using GIS 
and remote sensingvtechniques, Northwestern Ethiopia. 
International Journal of Geosciences, 4(07), Article 
1003.

Montgomery, M. R. (2008). The urban transformation of the 
developing world. Science, 319(5864), 761–764.

Mudzonga, E. (2011). Farmers’ Adaptation to Climate Change 
in Chivi District of Zimbabwe, trade and development 
studies centre, 3 Downie Avenue Belgravia. Harare 
Zimbabwe.

Neglo, K. A. W., Gebrekidan, T., & Lyu, K. (2021). Deter-
minants of participation in non-farm activities and its 
effect on household income: An empirical study in 
Ethiopia. Journal of Development and Agricultural 
Economics, 13(1), 72–92.

Ngugi, Samuel. (2020). A spatial-temporal analysis of land 
cover change in the Ngong hills area, kajiado county. A 
dissertation submitted in partial fulfillment for the degree 
of Bachelor of Arts in geography and environmental 
studies in the University of Nairobi 2018. https://​doi.​org/​
10.​13140/​rg.2.​2.​35454.​82249.

Nurelegn, M. G., & Amare, S. M. (2014). Land use/cover 
dynamics in Ribb Catchment, North Western Ethiopia. 
Journal of Natural Sciences Research, 4(16), 9–16.

Nzuza, P., Ramoelo, A., Odindi, J., Kahinda, J. M., & 
Madonsela, S. (2021). Predicting land degradation 
using Sentinel-2 and environmental variables in the 
Lepellane catchment of the Greater Sekhukhune Dis-
trict, South Africa. Physics and Chemistry of the Earth, 
124, Article 102931.

Okonya, J. S., Syndikus, K., & Kroschel, J. (2013). Farmers’ 
perception of and coping strategies to climate change: 

https://doi.org/10.1016/j.heliyon.2019.e02981
https://doi.org/10.1155/2015/380404
https://doi.org/10.1155/2015/380404
https://doi.org/10.1016/S0959-3780(01)00007-3
https://doi.org/10.1016/S0959-3780(01)00007-3
https://doi.org/10.13140/rg.2.2.35454.82249
https://doi.org/10.13140/rg.2.2.35454.82249


Environ Monit Assess          (2026) 198:50 	 Page 31 of 32     50 

Vol.: (0123456789)

Evidence from six agro-ecological zones of Uganda. 
Journal of Agricultural Science, 5(8), Article 252.

Ouma, Y. O., Keitsile, A., Nkwae, B., Odirile, P., Moalafhi, 
D., & Qi, J. (2023). Urban land-use classification using 
machine learning classifiers: Comparative evaluation 
and post-classification multi-feature fusion approach. 
European Journal of Remote Sensing, 56(1), Article 
2173659.

Pramanik, M. K. (2016). Site suitability analysis for agricul-
tural land use of Darjeeling district using AHP and GIS 
techniques. Modeling Earth Systems and Environment, 
2(2), 1–22.

Qureshi, M. R. N., Singh, R. K., & Hasan, M. (2018). Deci-
sion support model to select crop pattern for sus-
tainable agricultural practices using fuzzy MCDM. 
Environment, Development and Sustainability, 20(2), 
641–659.

Rabia, A. H. (2012). A GIS based land suitability assessment 
for agricultural planning in KilteAwulaelo district, Ethio-
pia. In The 4th International Congress of ECSSS, EURO-
SOIL (p. 1257).

Rientjes, T., Haile, A., Kebede, E., Mannaerts, C., Habib, E., & 
Steenhuis, T. (2011). Changes in land cover, rainfall and 
stream flow in Upper Gilgelabay catchment, Blue Nile 
basin–

Saaty, T. L. (2008). Decision making with the analytic hierar-
chy process. International Journal of Services Sciences, 
1(1), 83–98.

Saaty, T. L. (2013). The modern science of multicriteria 
decision making and its practical applications: The 
AHP/ANP approach. Operations Research, 61(5), 
1101–1118.

Schlenker, W., & Lobell, D. B. (2010). Robust negative impacts 
of climate change on African agriculture. Environmental 
Research Letters, 5(1), Article 014010.

Setegn, S. G. (2010). Modelling hydrological and Hydrody-
namic processes in lake Tana basin, Ethiopia. KTH. 
TRITA-LWR PhD Thesis 1057.

Sisay, G., & Gitima, G. (2020). Forest cover change in 
Ethiopia: Extent, driving factors, environmental 
implication and management strategies, systematic 
review. Forest, 67.

Sisodia, P. S., Tiwari, V., & Kumar, A. (2014). Analysis 
of supervised maximum likelihood classification for 
remote sensing image. In International conference 
on recent advances and innovations in engineering 
(ICRAIE-2014) (pp. 1-4). IEEE.

Story, M., & Congalton, R. G. (1986). Accuracy assessment: 
A user’s perspective. Photogramm Eng Remote Sens, 
52, 397–399.

Tadesse, A., & Hailu, W. (2024). Causes and consequences 
of land degradation in Ethiopia: A review. Interna-
tional Journal of Science and Qualitative Analysis, 
10(1), 10–21.

Takele, A., Lakew, H. B., & Kabite, G. (2022). Does the 
recent afforestation program in Ethiopia influenced 
vegetation cover and hydrology? A case study in the 
upper awash basin, Ethiopia. Heliyon, 8(6).

Tewabe, D., & Fentahun, T. (2020). Assessing land use and 
land cover change detection using remote sensing in 

the Lake Tana Basin. Northwest Ethiopia. Cogent Envi-
ronmental Science, 6(1), 1778998.

Tharwat, A. (2021). Classification assessment methods. 
Applied computing and informatics, 17(1), 168–192.

Tigabu, T. B., Hörmann, G., Wagner, P. D., & Fohrer, N. 
(2020). Statistical analysis of rainfall and stream flow 
time series in the Lake Tana Basin, Ethiopia. Journal of 
Water and Climate Change, 11(1), 258–273.

Tigabu, T. B., Wagner, P. D., Hörmann, G., & Fohrer, N. 
(2019). Modeling the impact of agricultural crops on 
the spatial and seasonal variability of water balance 
components in the Lake Tana basin. Ethiopia. Hydrol-
ogy Research, 50(5), 1376–1396.

Tigabu, T. B., Wagner, P. D., Hörmann, G., Kiesel, J., & 
Fohrer, N. (2021). Climate change impacts on the water 
and groundwater resources of the Lake Tana Basin, 
Ethiopia. Journal of Water and Climate Change, 12(5), 
1544–1563.

Tilahun, S. A., Guzman, C., Zegeye, A., Engda, T., Collick, 
A., Rimmer, A., & Steenhuis, T. (2013). An efficient 
semi-distributed hillslope erosion model for the subhu-
mid Ethiopian Highlands. Hydrology and Earth System 
Sciences, 17(3), 1051–1063.

Tucker, C. J., Grant, D. M., & Dykstra, J. D. (2004). 
NASA’s global orthorectified Landsat data set. Pho-
togrammetric Engineering & Remote Sensing, 70(3), 
313–322.

Turner II, B.L., Lambin, E.F., Reenberg, A., (2007). Land 
change science special feature:the emergence of land 
change science for global environmental change 
and sustainability. Proc Natl Acad Sci U. S. A. 104, 
20666e20671.

Turner, B., Moss, R. H., & Skole, D. (1993). Relating land 
use and global land-cover change. International Geo-
sphere-Biosphere Programme, Stockholm; Report, 24/
Human Dimensions of Global Environmental Change 
Programme, Barcelona; Report 5.

UNEP. (2016). Environment and Vision 2030. Nairobi. 
Kenya aims to be a nation living in a clean, secure, and 
sustainable environment by 2030.

USGS (US Geological Survey) (2016).Shuttle Radar 
Topography Mission (SRTM) 1 arc-second global 
Digital Elevation Model (DEM). USGS Earth 
Explorer.

Wagner, P., Kumar, S., & Schneider, K. (2013). An assess-
ment of land use change impacts on the water resources 
of the Mula and Mutha Rivers catchment upstream of 
Pune. India. Hydrology and Earth System Sciences, 17(6), 
2233–2246.

Wale, A., Collick, A. S., Rossiter, D. G., & Steenhuis, T. S. 
(2012). I4. Irrigation Area Suitability Mapping by Multi-
criteria Evaluation Technique for the Case of Lake Tana 
Basin, Upper Blue Nile, Ethiopia.

Wale, A., Rientjes, T., Dost, R., & Gieske, A. (2008). Hydro-
logical Balance of Lake Tana Upper Blue Nile Basin, 
Ethiopia. The Netherlands: ITC.

Wilken, F., Wagner, P. D., Narasimhan, B., & Fiener, P. (2017). 
Spatio-temporal patterns of land use and cropping fre-
quency in a tropical catchment of South India. Applied 
Geography, 89, 124–132.



	 Environ Monit Assess          (2026) 198:50    50   Page 32 of 32

Vol:. (1234567890)

Williams, B. A., Venter, O., Allan, J. R., Atkinson, S. C., 
Rehbein, J. A., Ward, M., & Watson, J. E. (2020). 
Change in terrestrial human footprint drives continued 
loss of intact ecosystems. One Earth, 3(3), 371–382.

World Bank. (2009).  Africa Development Indicators 
2008/2009: From the World Bank Africa Database. The 
World Bank.

World Bank. (2019). Global financial development report 
2019/2020: Bank regulation and supervision a decade 
after the global financial crisis. The World Bank.

Wubie, M. A., Assen, M., & Nicolau, M. D. (2016). Patterns, 
causes and consequences of land use/cover dynamics in 
the Gumara catchment of lake Tana basin. Northwestern 
Ethiopia. Environmental Systems Research, 5(1), 1–12.

Yalew, S. G., Van Griensven, A., Mul, M. L., & van der Zaag, P. 
(2016). Land suitability analysis for agriculture in the Abbay 
basin using remote sensing, GIS and AHP techniques. Mod-
eling Earth Systems and Environment, 2(2), 1–14.

Yohannes, H., & Soromessa, T. (2018). Land suitability assess-
ment for major crops by using GIS-based multi-criteria 
approach in AnditTid catchment. Ethiopia. Cogent Food 
& Agriculture, 4(1), 1470481.

Yohannes, H., Soromessa, T., Argaw, M., & Dewan, A. (2021). 
Spatio-temporal changes in habitat quality and linkage 
with landscape characteristics in the Beressa watershed, 
Blue Nile basin of Ethiopian highlands. Journal of Envi-
ronmental Management, 281, 111885.

Zegeye, M. (2024). An opinion note on population growth and 
land degradation in Ethiopia. Regional Environmental 
Change, 24(3), 111.

Publisher’s Note  Springer Nature remains neutral with regard 
to jurisdictional claims in published maps and institutional 
affiliations.


	Impacts of long-term land use and land cover change on land suitability potential in three sub-catchments of the Lake Tana Basin, Ethiopia
	Abstract 
	Introduction
	Materials and methods
	Study area
	Land use and land cover change analysis
	Satellite data

	Land use and land cover classification
	Accuracy assessment
	Change detection

	Land suitability analysis
	Climate and soil data
	Matching crops with requirements
	Calculation of weights for criteria maps
	Standardization of criteria and the rating of suitability classes
	Detection of the suitability of agricultural land change


	Results
	Land useland cover assessment
	LULC change analysis
	Land suitability
	Weight factors
	Land suitability analysis for major crops
	Detection of the suitability of agricultural land change


	Discussion
	Conclusions
	Recommendation

	Acknowledgements 
	Appendix
	Accuracy assessments
	Gilgelabay confusion matrix

	Gumara confusion matrix
	Ribb confusion matrix

	References


