environments
Article

Land-Use Change Modelling in the Upper Blue
Nile Basin
Seleshi G. Yalew 1, *, Marloes L. Mul 2 , Ann van Griensven 1,3 , Ermias Teferi 4 , Joerg Priess 5 ,
Christian Schweitzer 6 and Pieter van Der Zaag 1,7
1
2
3
4
5
6
7

*

UNESCO-IHE Institute of Water Education, 2611 AX Delft, The Netherlands;
a.vangriensven@unesco-ihe.org (A.v.G.); p.vanderzaag@unesco-ihe.org (P.v.D.Z.)
International Water Management Institute-IWMI, Accra PMB CT 112, Ghana; m.mul@cgiar.org
Vrije Universiteit Brussel, Department of Hydrology and Hydraulic Engineering, Elsene 1050, Belgium
Addis Ababa University, Center for Environmental and Developmental Studies, Addis Ababa, Ethiopia;
ermias52003@yahoo.com
Department of Computational Landscape Ecology, Helmholtz Centre for Environmental Research—UFZ,
Permoserstr.15, Leipzig D-04318, Germany; joerg.priess@ufz.de
Section Environmental Information Systems and Services, German Environment Agency, Wörlitzer Platz 1,
Dessau-Roßlau 06844, Germany; christian.schweitzer@uba.de
Water Resources Section, TU Delft, BX Delft 2628, The Netherlands
Correspondence: s.yalew@unesco-ihe.org; Tel.: +31-68-119-9214

Academic Editor: Teiji Watanabe
Received: 29 April 2016; Accepted: 9 August 2016; Published: 17 August 2016

Abstract: Land-use and land-cover changes are driving unprecedented changes in ecosystems and
environmental processes at different scales. This study was aimed at identifying the potential
land-use drivers in the Jedeb catchment of the Abbay basin by combining statistical analysis, field
investigation and remote sensing. To do so, a land-use change model was calibrated and evaluated
using the SITE (SImulation of Terrestrial Environment) modelling framework. SITE is cellular
automata based multi-criteria decision analysis framework for simulating land-use conversion based
on socio-economic and environmental factors. Past land-use trajectories (1986–2009) were evaluated
using a reference Landsat-derived map (agreement of 84%). Results show that major land-use change
drivers in the study area were population, slope, livestock and distances from various infrastructures
(roads, markets and water). It was also found that farmers seem to increasingly prefer plantations
of trees such as Eucalyptus by replacing croplands perhaps mainly due to declining crop yield, soil
fertility and climate variability. Potential future trajectory of land-use change was also predicted
under a business-as-usual scenario (2009–2025). Results show that agricultural land will continue to
expand from 69.5% in 2009 to 77.5% in 2025 in the catchment albeit at a declining rate when compared
with the period from 1986 to 2009. Plantation forest will also increase at a much higher rate, mainly
at the expense of natural vegetation, agricultural land and grasslands. This study provides critical
information to land-use planners and policy makers for a more effective and proactive management
in this highland catchment.
Keywords: land-use; land cover; Blue Nile; parameterization

1. Introduction
Current rates, extents and intensities of land-use and land-cover change are driving unprecedented
changes in ecosystems and environmental processes at local, regional and global scales. As a result,
environmental concerns including climate change, biodiversity loss, land-degradation, soil erosion
and pollution of water and air are growing. Interaction of the changes in land use and land cover
with various subsystems of the earth system including hydrology, the climate system, biogeochemical
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cycling, ecological complexity and land degradation make the study of this subject complex [1–4].
Monitoring and mediating the negative consequences of land-use and land-cover change while
sustaining the production of essential resources has therefore become a major priority of researchers
and policymakers around the world [5]. However, analyzing the fundamental socio-political, economic,
cultural and biophysical forces that may drive land-use and land-cover dynamics and predicting a
likely trajectory of future changes constitute one of the main challenges in land-use research [6–8].
Land-use modeling is often used for predicting trajectories of future landscapes. A typical approach to
land-use change modeling involves investigating how different variables relate to historical land-cover
change trends and transitions in the past and use those relationships to build models that project a
likely future land-use trajectory [9,10].
The Upper Blue Nile (Abbay) is one of the most diverse and highly important river basins in
Ethiopia. The basin faces serious problems including soil erosion, land degradation, loss of soil fertility
and deforestation [11–14]. The major causes are reported to have been a combination of biophysical
factors such as seasonal fluctuation in rainfall and climate variability, topographic heterogeneities
and anthropogenic factors, e.g., population growth and associated demands that result in soil erosion
and land degradation in the basin [15–18]. Land degradation occurs mainly due to gully and surface
erosions by torrential runoff in this rugged highland catchment. No predictive land-use change
modeling study addressing socio-economic and biophysical land-use change drivers has yet been
reported in the Abbay basin in general and in the Jedeb catchment in particular.
This study is aimed at identifying the potential land-use drivers in the Jedeb catchment of the
Abbay basin by combining statistical analysis, field investigation and remote sensing. Potential
future trajectory of land-use change was predicted under a business-as-usual scenario in order to
provide critical information to land-use planners and policy makers for a more effective and proactive
management in the highland catchment. To do so, a land-use change model was developed, calibrated
and evaluated using the SITE modelling framework. SITE (SImulation of Terrestrial Environment) is a
cellular automata based multi-criteria decision analysis framework for simulating land-use conversion
based on socio-economic and environmental factors [19]. (Note that land cover is the observed
biophysical cover on the earth's surface whereas land use is characterized by activities and inputs
people undertake on land cover type to produce, change or maintain it [20]). In this study, we
are simulating changes in land cover using land-use drivers as well as baseline and reference land
cover maps.
2. Materials and Methods
2.1. Study Area
The Jedeb catchment is situated in the south-west part of Mount Choke and it is part of
the headwater of the Abbay basin (Figure 1). It covers an area of 297 km2 and is situated
between 10◦ 220 to 10◦ 400 N and 37◦ 330 to 37◦ 500 E. The area is known for its diverse topography with
elevation extending from 2100 to 4000 m.a.s.l., and slope ranging from nearly flat to very steep (>45◦ ).
The mean annual rainfall varies between 1400 and 1600 mm per annum (based on data from three
climate stations: Debre Markos, Anjeni and Rob Gebeya). The steep slopes, coupled with erosive rains,
have contributed to the excessively high rates of land degradation and soil erosion [21,22]. As one of
the severely eroded and degraded parts of the basin, the catchment received the attention of researchers
who undertake various socio-environmental and water resources studies in the catchment [23,24].
Land-use and land-cover changes, such as loss of grassland cover due to overgrazing, poor land-use
management and change from grassland to agricultural land for instance, may have contributed to a
higher level of gully formation, soil erosion and land degradation in general. Between 1957 and 2009,
46% of the watershed has undergone land-use changes without proper soil and water conservation
measures in place [25]. The changes in land use and land cover are thought to be among the major
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causes of high erosion rates in the basin [25,26]. Whether this trend will continue is dependent, among
other things, on future land use.

Figure 1. Location and topographic map of the Jedeb catchment in the Abbay (Upper Blue Nile)
basin, Ethiopia.

2.2. Conceptual Framework
First, detailed land cover maps for the years 1986 and 2009 derived from Landsat TM Satellite
images were used as base and reference (hence forth “observed”) maps for the land-use model,
respectively. Then land-use change drivers were identified and the strength of their influence on
land-use change estimated by analyzing the spatial correlation between an initial set of potential
drivers and land-use types. Rule-sets and initial weights for each deriver variables were developed
for each land-use type based on the correlation results. Next, a spatially explicit land-use change
model was developed for the SITE modelling framework using the identified land-use drivers and
the 1986 land cover map. Based on land-use suitability and historical demands for various land-use
types (Section 2.3.4), dynamics of trends of land-use conversion was simulated and analyzed
between 1986 and 2009. The simulated output map of 2009 was compared with the reference or
observed land cover map of 2009. The model was calibrated based on field data, trend analysis and
secondary data sources. Thereafter, the model was used to simulate a business-as-usual scenario of
land-use change trajectories of the catchment for the year 2025.
2.3. Inputs and Model Setup
2.3.1. Model Architecture
SITE is a land-use modeling framework based on an extended cellular automata concept,
which employs a rule-driven approach on a grid-cell based structure and simulates land-use decisions
in annual time steps [19,27]. It is an extended implementation of multi-criteria decision analysis for
simulating land-use conversion based on socio-economic and environmental factors. Land-use change

Environments 2016, 3, 21

4 of 16

is dependent on the defined suitability for each land-cover types, demand for certain land-use classes
and neighborhood or proximity factors. Based on demand and suitability, multi-criteria rule-sets are
formulated for the cellular automata per land use for the model. It includes modules for calculating
suitability and for allocating land-use classes based on suitability. The framework requires a number
of Geographic Information System (GIS) based pre-processing of spatial and socio-environmental
data. The model inputs include an initial land-cover map and land-use change drivers pre-processed
in formats required by the model [19]. Land suitability will be calculated within the suitability
module of SITE. This module is subdivided into functions computing biophysical suitability
(e.g., elevation, terrain slope, soil fertility) and socio-economic suitability (based on factors such as
population, gross margin, accessibility and farmers’ preferences) to produce land suitability maps [19].
All suitability values are normalized to a range between 0 (not suitable) and 1 (perfectly suitable) [27]
using Equation (1):
Skl =

m

n

i =1

i =1

WB ∑ β i SBikl + WE ∑ ε i SEikl

m

n

i =1

i =1

!

o

p

j =1

j =1

× ∏ CBjkl ∏ CEjkl

(1)

where, WB + WE = 1; ∑ β i = 1; ∑ ε i = 1; and SBikl , SEikl , CBjkl , CEjkl ∈ [0,1].
The calculation of the overall suitability value Skl for each land use grid cell k and land-cover
types l consists of two terms: the partial suitability SBikl for biophysical and SEikl for socio-economic
factors. CB and CE are biophysical and socio-economic constraints, respectively. These factors are
weighted using the partial weights β i /ε i , where m and n represent the total number of suitability
criteria included; whereas o and p represent the total number of biophysical and socio-economic
constraints, respectively.
Suitability of land in this implementation is defined by analyzing spatial correlations of where a
specific land cover type is found with respect to factors such as slope, elevation, soil, etc., as well as by
historically established links between land use and various socio-economic aspects. Each land-cover
type, thus, is spatially correlated with a group of attribute sets driving its conversion (such as slope,
elevation and proximity to water, road and markets). The allocation module of SITE uses the calculated
suitability maps, set of neighborhood functions and defined socio-environmental factors, for allocating
land. It follows defined hierarchical priorities and land-use change rules. Suitability factors show
what combination of major criteria are suitable for which land cover and hierarchical priorities show
which land-cover type takes priority during allocation in case a land parcel is suitable for two or more
competing land-cover types.
2.3.2. Land-Use Change Drivers
Potential land-use and land-cover change drivers were gathered through literature review and
interviews with key informants including farmers, regional and local land resources administrators
and development agents (i.e., government employees assigned in villages to advise farmers on various
agro-ecosystems practices, local and regional land administration policies). Land-use practices and
perceptions of farmers on issues such as availability of land for various land cover types, perceived
changes in the past and their anticipation of future prospects with regards to land use, their practice of
crop-rotation and trends and traditions of land-renting were reflected. What the farmers consider as
limiting factors of productivity such as access to water for irrigation, roads for transport of products,
drought/rainfall limitation and lack of agricultural and grazing land were also deliberated. In addition,
regional and national land-use policies, national growth and development plans were consulted.
Suitability relevance of distance variables from such as urban centers, water bodies and roads were
estimated based on literature and discussions with local experts. The outcome of the discussion with
local experts and stakeholders was mainly qualitative, yet has served as a basis for further parameter
estimation, in addition to relevant literature, of initial suitability ranges.
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Data reduction and correlation analysis between the identified potential drivers and land-uses
were conducted using the Principal Component Analysis (PCA) method [28,29]. PCA produces
correlations between variables by identifying hidden patterns in data and classifying them according
to how much of the information is stored in the data they account for [30]. PCA has been used
in literatures to analyze land-cover changes and land-use change drivers [31,32]. Eleven potential
land-use drivers (population, distance to market, distance to road, slope, distance to settlement,
elevation, livestock, soil type, precipitation, distance to forest edge) and distance to water sources were
identified as input to the PCA analysis. By applying the PCA using these driving factors, land-use
change drivers that capture most of the variations in change for each land-cover type can be identified.
Then, comparative significance (initial suitability weight) for each of the associated land-use change
drivers was established using Equation (2). The suitability weights show the importance of each
suitability factor in determining the land-cover type.
y

α = β/

∑ βi

!
(2)

i =1

where α = comparative significance (initial weight) value; β = individual significance value; y = number
of significant independent variables for the land-cover type. The quotient of individual significance
values and the sum of all the significance values of determinants (land-use drivers) for a land-cover
type is a normalized value showing an initial weight between 0 and 1 (Note that in the absence of
means of estimation of initial weights for suitability factors on the ground, it is a common practice in
SITE to set a default weight of 1 for each suitability subset. This would, however, mean that the model
will be forced to “fit” parameters to past observations during calibration irrespective of relevance
on the ground). Assignment of an initial weight for calibration reduces the computation burden in
addition to serving as a model evaluation tool comparing weights estimated based on ground data
against model calibrated values. Initial weights can be altered during model calibration.
2.3.3. Data
Potential land-use change drivers were identified through literature reviews [7,24,33] and field
interviews with farmers, local farming experts, regional land bureau officials and through spatial
correlations (Table 1). In addition to derived spatial layers such as distances from roads, towns and
rivers, a number of biophysical and socio-economic datasets were gathered, pre-processed and used
in the land-use model setup (Table 1). Major socio-economic data was collected from the Ethiopian
Statistical Agency [34], Atlas of Ethiopian Rural Economy [35] and the Ethiopian Rural Household
Survey (1989–2009) [36]. Field observations and interviews with key informants also provided valuable
insights in the identification of land-use change drivers in the catchment. The base and reference
Landsat Thematic Mapper (TM) based land cover maps for the years 1986 and 2009, respectively,
were produced from a previous study carried out in the catchment [24]. The land cover classes were
reclassified into 5 groups, i.e., Natural Woody Vegetation (NWV), Plantation Forest (PF), Cultivated
Land (CL), Grassland (GL) and Others. To shortly summarize the land-cover classification procedure, a
hybrid (supervised and unsupervised) classification approach was adapted with successive GIS/spatial
operations. Multispectral pattern recognition using the Iterative Self-Organizing Data Analysis
Technique (ISODATA) algorithm [37] was performed on the imageries for the land-cover classification.
Field data was collected to associate the spectral classes with the cover types in the classification
scheme for the 2009 Landsat imagery. Reference data for the 1986 image was based on aerial photo
interpretation of 1982, as well as topographic maps of 1984 at a scale of 1:50,000 collected from the
Ethiopian Mapping Agency (EMA). Of a total of 2277 reference data points for the respective years,
759 points were used for accuracy assessment and 1518 points were used for classification. Training sites
were developed from the field reference data collected to generate a signature for each land cover type.
An overall accuracy of 95.6% and a Kappa coefficient of 0.94 was attained for the 2009 classified map.
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Similarly, overall classification accuracy of 91.5% (Kappa coefficient of 0.89) was achieved for
the 1986 land-cover map (refer Teferi et al. [24] for details on the land-cover classification).
Table 1. Data inputs and potential land use change drivers.
Variables

Description

Dataset

Sources *

Scale/Resolution

Population

Gridded population
dataset

Census for
1986 & 2007; GPW

CSA, FAO

Sub-district; 1 km

Livestock

Gridded livestock dataset

Gridded livestock
(GLW) 2007, 2014

FAO

5 km

Distance to roads

Euclidean distance to
major roads

Roads

ERA

30 m

Distance to markets

Euclidean distance to
major towns

Markets

FAO-SRDN

30 m

Land cover map

Land cover maps

Landsat TM
(1986 & 2009)

Teferi et al [24]

30 m

Settlement maps

Topographic map with
settlement locations

Topo1984; Landsat

EMA, GEE

1:50,000; 30 m

Crop map

Map of croplands in the
Amhara region

Cultivated land

BoA, MoARD

250 m

Distance to water

Euclidean distance to
water sources

Water bodies

MoWE

30 m

Slope and elevation

Elevation (DEM) and slope
(derived from DEM)

DEM

USGS

90 m

Soil type

Soil types

Soil group

FAO/FGGD [38]

5 arc min

Precipitation

Average annual
precipitation

Precipitation data

MoWE

Annual average

Distance from
forest edge

Distance from
forest edge

Distance from forest
edge

land-use map

30 m

* CSA: Central Statistical Agency of Ethiopia; ERA: Ethiopian Roads Authority; EMA: Ethiopian Mapping
Agency; FAO: Food and Agriculture Organization; GLW: Gridded Livestock of the world, an FAO project;
GPW= Gridded population of the world; GEE: Google Earth Engine; BoA: Amhara Bureau of Agriculture;
MoWE: Ministry of Water & Energy of Ethiopia; EMA: Ethiopian Meteorological Agency; USGS: US Geological
Survey; MoARD: Ministry of Agriculture and Rural Development.

2.3.4. Demand for Land Use
Land-use change is driven by demands for various uses. The demands are associated with
livestock and population and thus can be affected by factors at local, regional as well as global scales.
Land-use demands include settlements, food production and lifestyle needs; fodder and grazing
needs; and/or nature protection/conservation needs, etc. If population increases, one may assume
that demands for settlement (especially near urban areas) and cultivation or livestock (in the rural
lands) may be higher. Based on case specific information, the amount of added population every
year needs to be taken into account and allocated for settlement, cultivation and livestock/grazing
requirements. In this case study, human population as well as livestock growth rates were taken from
regional datasets, specific demands were estimated based on field investigations and findings from the
literature review.
Based on field investigation and the literature, minimum requirements for various land-use
types in the catchment were estimated per household, Table 2. The average number of people in a
household is assumed to be the current regional average of 4.3 [39]. Socio-economic demands were
estimated based on the projection of the regional growth rates for population and livestock. The
historical growth rate for population and livestock for the simulation period were 2.5 % and 1.5% per
annum, respectively [34,40]. For instance, demand for settlement or cultivation is expressed based on
average individual demands (Table 2). Likewise, demand for grassland is computed based on average
livestock demand (Table 2). The demand variables are therefore expressed in terms of population and
livestock and their amounts are spatially-explicitly computed in the rule-sets/application codes of
SITE. Demand for plantation forest was estimated for households after field investigation.
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Table 2. General demand estimations based on Mengistu [41] and Jayne et al. [42].
Variable

Estimated Value

Cultivation requirement
Settlement requirement
Plantation (for fire wood, housing) requirement
Grassland (grazing) requirement

1.17 ha/household
0.25 ha/household
0.06 ha/household (about 1/20th of cultivation/household), field survey
0.25 ha/livestock

The value of 0.25 ha/livestock, estimated by FAO [41], is used for this subsistence production highland
catchment which mainly stocks cattle. This value is, therefore, only a cattle-equivalent unit.

2.4. Model Evaluation
Initial values for suitability weights and ranges, obtained from the analyses described earlier,
were applied to parameterize the model. The initial weight parameters were adjusted by model
calibration until a good fit was obtained. The GALib genetic algorithm library [43], which is already
embedded in SITE, was used for this purpose. Initial suitability weight parameters for slope, elevation
and distance variables (distances from settlement, roads, market and forest edge) were subjected
to the calibration algorithm. Land-use change model results are typically evaluated by comparing
simulated maps against a reference map. Similarly here, the simulated raster output of the model
for 2009 was evaluated against the reference (Landsat derived) map for the same year. Depending
on the data structures of the resulting output (raster, vector or hybrid), a number of algorithms have
been developed over the years for comparing two maps. However, there does not seem to exist any
agreed universal procedure to do that [44]. For a spatially explicit, grid-based categorical data (such
as land-use or vegetation classification presented here), cell-by-cell comparison to get the number of
matching cells, Equation (3), is often the simplest [45,46].
CC = NM /NT

(3)

where CC = is coefficient of cell agreement, NM = number of matched cells, NT = number of total cells.
Problems with cell-by-cell comparison arise from the fact that if one of the maps is shifted even by
a single cell, the agreement of the whole comparison may be compromised. Due to lack of accounting
for allocation of the neighborhood cells, a small or even large disagreement can have the same error
value. It was progressively noted that a full characterization of a fit between two maps should tackle
not only quantity or location of changes of matching cells but also distances between locations of
matching cells [44]. To address this and a number of other map comparison bottlenecks [46,47],
alternative algorithms have been proposed over the years [48–50]. Pontius and Millones [51] suggested
that summarizing cross-tabulation matrix of the simulated and the observed land-use map in terms
of quantity and spatial allocation disagreements will sufficiently account for differences between
two categorical maps in terms of the quantity (changes or persistence) and allocation of matching
cells. A variety of statistical summaries of a cross-tabulation matrix tool has been recommended [52].
The cross-tabulation tool provides one comprehensive statistical analysis to answer two important
questions simultaneously, that is, how well two maps agree in terms of the quantity of cells in each
category and how well they agree in terms of allocation of cells in each category. Equations (4) and (5)
represent quantity and allocation disagreements for two categorical maps, respectively [51,53,54].
j

Q g = ( ∑ Pig −
i =1

j

∑ Pgj )

(4)

j =1

j

j

i =1

j =1

A g = 2Min[( ∑ Pig ) − p gg , ( ∑ Pgj ) − p gg ]

(5)

where Qg = quantity disagreement for category g; Ag = allocation disagreement for category g;
j = number of categories; P = proportion of category g.
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Quantity disagreement is the difference between two maps due to an imperfect match in overall
proportions of all mapped land-cover categories, whereas allocation disagreement is the difference
between two maps due to an imperfect match between the spatial allocation of all mapped land-cover
categories [51]. Values from the comparison of two maps using this measurement technique range
between 1 (100%) (perfect disagreement) and 0 (0%) (perfect agreement). Interpretation of what is
a good level of agreement in map comparisons is rather subjective. Landis and Koch [53] lumped
possible ranges of map comparison into three groups: agreement value greater than 0.8 (80%) represents
strong agreement; agreement value between 0.4 (40%) and 0.8 (80%) represent moderate agreement;
and agreement value less than 0.4 (40%) represents poor agreement between two maps.
An interpretation by Altman [54] states that comparison agreements are “very good” if two maps
agree by more than 0.8 (80%); “good” if they agree 0.6 (60%) to 0.8 (80%); “moderate” if they agree
between 0.2 (20%) and 0.6 (60%); and “poor” if they agree by less than 0.2 (20%). In this study, the
simulated land-use maps were evaluated against the reference map using the Quantity and Allocation
Disagreement measures [51,52].
2.5. Scenario Development
Historical trend analysis of the land-cover changes in the Jedeb shows an increasing demand for
plantation forest, due probably to its use as a major source of firewood, lumber, house construction
(both for people and for livestock) and various farm tools. This is especially true due to dwindling
availability of the natural forests cover in the catchment. Recent regional and local policies prohibit
the cutting of trees from natural forests, although this did not seem to have curbed deforestation.
During field interviews it was learnt that a series of subsequent years of low yield motivated farmers
to prefer planting trees such as Eucalyptus, which grow relatively fast and become a substitute cash
earner. These plantation forests are often planted on degraded lands/steep slope area and usually
on higher elevation spots such as the hills. Natural woody vegetation exist almost exclusively on
the riparian zones of the rivers and streams in the catchment as these are often unreachable and
also unusable for other land uses due to deep river gorges and stony soils. Reduction in grassland
impacts in particular the farmers with livestock. With growing population and livestock, peripheral
grassland areas that were often left unused due to the unfriendly terrain are increasingly being used for
cultivation and grazing, thereby exacerbating land degradation and soil erosion. It seems that, at least
for the foreseeable future, this trend may not change much, especially with respect to land-use policy
and/or demands for the various land-uses. Thus, a business-as-usual scenario for population and
livestock growth (and their associated demands for cultivation, settlement and grass/grazing land)
was used for simulating the land-use model until 2025. This scenario assumes population and livestock
growth rates to continue with the historical growth rates of 2.5 % and 1.5% per year, respectively [34,40].
The choice of 2025 is in line with the country’s long term Growth and Transformation Plans (GTPs)
which aims at the nation achieving a middle income status ‘Green Economy’ by 2025 [55].
3. Results and Discussions
3.1. Land-Use Changes and Drivers
Analysis of changes in land-cover between 1986 and 2009 is shown in Table 3. As shown in this
table, Cultivated Land and Plantation Forest increased from 54.4% and 0.3% in 1986 to 69.5% and 3.4%,
respectively, in 2009 (see also Figure 2). On the other hand, Natural Woody Vegetation and Grassland
decreased from 14.6% and 24.4% to 11.6% and 21.2%, respectively, in 2009.
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Table 3. Land-use conversion matrix (1986–2009): conversion between land-use classes in km2 and
percentage of total area (in brackets).
Natural Woody
Vegetation
6.59
(2.22)

Plantation
Forest
0.00
(0.00)

Cultivated
Land
2.38
(0.80)

Grassland

Others

2.05
(0.69)

0.56
(0.19)

Total 2009
(km2 (%))
11.58
(3.90)

Plantation Forest

1.40
(0.47)

0.89
(0.30)

3.77
(1.27)

3.86
(1.30)

0.18
(0.06)

10.1
(3.40)

Cultivated Land

9.50
(3.20)

0.00
(0.00)

150.58
(50.70)

45.07
(15.18)

1.27
(0.42)

206.42
(69.50)

Grassland

25.84
(8.70)

0.00
(0.00)

4.51
(1.52)

20.87
(7.02)

11.74
(4.00)

62.96
(21.20)

Others

0.15
(0.05)

0.00
(0.00)

0.33
(0.11)

0.68
(0.23)

4.78
(1.60)

5.94
(2.00)

Total 1986 (km2 (%))

43.48
(14.64)

0.89
(0.30)

161.57
(54.40)

72.53
(24.42)

18.50
(6.20)

1986
2009
Natural Woody Vegetation
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The two major land-use change conversions were Natural Woody Vegetation to Grassland
(close to 60% of the original woody vegetation has been converted to grassland) and grassland
to cultivated land (almost 60% of the original grassland has been converted to cultivated land). On the
other hand, land-use classes such as Plantation Forest did not seem to convert to other land-use types
during the observed timeframe. Instead it seems that the plantation land-use type continued to expand
as farmers increasingly change portions of their plots to Plantation Forest to obtain woodfuel and
construction materials, owing to the declining availability of and restrictive local policies on natural
forest resources.
Table 4 presents a summary of the correlation results between determinant variables and
land-cover types. One can figure out that the land-cover class ”Natural Woody Vegetation” is positively
correlated with distances from forest edge and settlement whereas it is negatively correlated with
slope and population. Cultivated land correlates strongly with population, slope, distance to market,
distance to settlement. Grassland correlates with elevation, slope, distance to settlement, population
and distance to water. Plantation Forest shows strong correlation with slope, distance to road, distance
to settlement, elevation and population. Similarly, the “others” land use type (which includes urban,
bare land and wetlands) has little correlation with population, distance to water and slope.
Table 4. Summary of significant correlations between land use and driving forces.
Land Use
Variables
Natural woody vegetation
Plantation forest
Cultivated land
Grassland
Others

Pop.
−0.23
0.14
0.79
−0.40
0.10

Slope Elev.
−0.60 0.03
0.69
0.39
0.65
0.02
0.68
0.78
0.06
0.001

Dist. to
Dist. To
Settlement Roads
0.08
0.04
−0.52
−0.28
−0.26
−0.04
−0.54
−0.03
−0.02
0.01

Dist. to
Market
−0.01
0.02
−0.52
−0.01
0.03

Livestock
0.02
0.04
0.04
0.23
0.01

Dist. To
Water
0.02
0.04
−0.05
−0.31
0.10

Dist. to
Forest Edge
0.84
0.01
0.001
0.04
0.002

Elev. = Elevation; Dist. = Distance.

The PCA method was conducted on the identified eleven potential land-use change
drivers to determine the major explanatory variables of the change. Five components with
eigenvalues >1 according to Kaiser’s criterion [56] were retained. The rotated component loadings
and communality estimates are shown in Table 5. The amount of variance in each driver variable that
can be explained by the retained five components is represented by the communality estimates. From
Table 5, we can see that component 1 (PC1) strongly correlates with population, distance to market,
slope and distance to settlement, explaining 29.9% of the variance with high loadings (>0.7). PC2,
which correlates with elevation and livestock, explained about 17% of the variance. Distance to road is
correlated with PC3, which explains about 16.5% and distance to forest edge is strongly correlated
with PC4, which explains about 11.3% of the variance. PC5, which strongly correlates to distance to
water, explains about 10.8% of the variance. In combination, the five components explained about 85%
of the change (Table 5).
Table 5. Factor loadings after varimax rotation and communality estimates (loadings >0.7 are in bold).
LU-Drivers
Population
Distance to market
Distance to road
Slope
Elevation
Livestock
Distance to settlement
Distance to water
Soil type
Precipitation
Distance to forest edge
Initial eigenvalues
Variance (%)
Cumulative variance (%)

Rotated Component Loadings
PC1

PC2

PC3

PC4

PC5

0.887
−0.718
−0.135
0.741
0.010
0.320
−0.753
−0.247
0.260
0.253
0.078
3.290
29.910
29.910

−0.227
0.005
0.001
−0.252
0.929
0.721
−0.549
0.114
−0.022
0.001
0.002
1.880
17.090
47.000

0.418
0.145
0.889
0.161
0.458
0.120
−0.644
0.324
0.081
0.059
0.013
1.810
16.450
63.450

−0.147
−0.020
0.308
−0.312
0.208
0.089
0.078
0.096
0.069
0.066
0.921
1.240
11.270
74.730

0.281
0.127
0.054
0.319
0.121
0.073
−0.057
0.895
0.151
0.173
0.091
1.190
10.820
85.550

Communality Estimates
0.946
0.864
0.885
0.939
0.932
0.786
0.906
0.917
0.671
0.681
0.884
-
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3.2. Land-Use Change Rules
When comparing with the summary of the initial correlations in Table 4, we see that components
PC1 to PC5 are correlated with cultivated land, grassland, plantation forest, natural woody vegetation
and ”others” land-use types, respectively. The results from the PCA loadings and the correlation table
provide the basis for the estimation of parameters of the initial suitability per the land-use types as
shown in Table 6.
Table 6. Suitability rule-sets.
Land Use

Variable

Suitability
Ranges

Initial Weight

Assigned Weight
(After Calibration)

Direction of
Relationship *

Natural and Woody
Vegetation

Distance to forest edge
Distance to Roads
Slope
Distance to settlement

>1000 m
>5000 m
<40%
>3000 m

0.35
0.25
0.20
0.20

0.50
0.20
0.20
0.10

Positive
Positive
Negative
Positive

Cultivated land

Slope
Distance to Settlement
Distance to market
Distance to water

<20%
<5000 m
<10,000 m
<10,000 m

0.40
0.10
0.20
0.30

0.66
0.20
0.10
0.24

Negative
Negative
Negative

Plantation Forest

Slope
Elevation
Distance to settlement
Distance to road

5%–40%
1200–3400 m
<5000 m
<1000 m

0.20
0.20
0.40
0.20

0.30
0.10
0.50
0.10

Negative
Positive

Grassland

Slope
Elevation
Distance to water
Distance to settlement

>10%
>2600 m.a.s.l.
<5000 m
<20,000 m

0.30
0.25
0.25
0.20

0.30
0.20
0.30
0.20

Positive
Positive
Negative
Negative

* Negative relationship type shows that as the value of the variable increases and the suitability of the variable
for the land-use type will decrease and vice-versa. Positive relationship shows that as the value of the variable
increases and the suitability increases as well. This relationship is an interpretation of the correlation analysis
result presented in Tables 4 and 5.

Initial weights computed and assigned for each determinant using Equation (2) are shown in the
“Initial weight” column in Table 6. Final calibrated weights are given in the “Assigned weight” column.
The introduction of initial suitability weight values for the SITE modeling framework puts the model
calibration into perspective with respect to field observations. Substantial divergences of calibrated
values with initial weights would reveal that a revision of the values might be necessary. Using this
procedure, chances for equifinality, a situation where a given state (level of model performance) can be
reached by different potential combinations (variations of parameter sets), during model calibration
can be avoided or at least minimized. On the other hand, the convergence or the closeness in value of
the initial and assigned weights gives a certain level of confidence in model parameterization and in
the use of the resulting model setting for future scenario simulations.
3.3. Model Evaluation
The land-use model was simulated from 1986 to 2009 using the calculated demands, land-use
change drivers and the defined rule-sets. The model was calibrated and evaluated using indices
of quantity and allocation disagreement measures. Quantity and allocation disagreement between
the simulated and the observed cover maps from 2009 show an 8.7% quantity disagreement and
a 7.3% allocation disagreement, adding up to a total disagreement of 16% between the two land
cover maps (Table 7).
Table 7. Map comparison indices for the simulated and observed land-cover of 2009.
Name of Algorithm

Quantity and Allocation Disagreement

Component

Measure (%)

Change simulated as “persistence“ (quantity disagreement)
Persistence simulated as “change” (quantity disagreement)
Change simulated as “change to wrong category”
(allocation disagreement)
Total Disagreement

2.5
6.2
7.3
16.0

consequences such as reduction of environmental and ecological services, thereby impacting crop
yields from cultivated lands. Second, the topography of the catchment as the source locations of the
Upper Blue Nile River is dominated by rugged and mountainous landscapes. As a result of this,
the catchment has been described previously as prone to soil erosion and gully formation [59,60],
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weight parameters (which are then checked against the assigned weights through calibration
afterwards) help to reduce overall uncertainties. With respect to data uncertainties, we have tried to
quantify as many of the variables as possible through various spatial correlation techniques in order
to reduce subjectivity. Furthermore, where empirical data were lacking, assumptions were made
based on the local expert judgments and field observations.
Table 8. Land-use conversion matrix (2009–2025): total area of conversion between land-cover types
in km2 and percentages (in brackets).
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Table 8. Land-use conversion matrix (2009–2025): total area of conversion between land-cover types in
km2 and percentages (in brackets).
Natural Woody
Vegetation
2.90
(0.98)

Plantation
Forest
0.10
(0.03)

Cultivated
Land
0.23
(0.08)

Grassland

Others

0.10
(0.03)

0.10
(0.03)

Total 2025
(km2 (%))
3.40
(1.15)

Plantation Forest

4.00
(1.35)

8.60
(2.90)

9.39
(3.16)

8.02
(2.7)

0.31
(0.10)

30.30
(10.20)

Cultivated land

1.80
(0.60)

0.40
(0.13)

196.00
(66.00)

28.34
(9.54)

2.76
(0.93)

229.00
(77.10)

Grassland

2.10
(0.70)

0.60
(0.20)

0.60
(0.20)

24.90
(8.40)

0.33
(0.11)

28.50
(9.60)

Others

0.78
(0.26)

0.40
(0.13)

0.20
(0.07)

1.60
(0.50)

2.44
(0.82)

5.40
(1.82)

Total 2009 (km2 (%))

11.58
(3.90)

10.10
(3.40)

206.42
(69.50)

62.96
(21.20)

5.94
(2.00)

297.00
(100.00)

2009
2025
Natural Woody Vegetation

The scenario simulations results, as shown in Table 8 and Figure 4, can provide valuable insights
on potential implications of land-use management and policy both from a local as well as a regional
perspective. First, a continuing decline of natural woody vegetation and grassland implies exacerbation
of land degradation and soil erosion in the catchment [57,58]. This can have local consequences such
as reduction of environmental and ecological services, thereby impacting crop yields from cultivated
lands. Second, the topography of the catchment as the source locations of the Upper Blue Nile River
is dominated by rugged and mountainous landscapes. As a result of this, the catchment has been
described previously as prone to soil erosion and gully formation [59,60], which has led to a (moderate)
decline in soil fertility and loss of fertile plots for local farmers [61,62]. The continuing decline of
grasslands and natural vegetation, combined with expanding cultivation, would imply that the local
erosion and gully formation phenomenon is bound to deteriorate unless more effective policies and
management interventions are developed and implemented. At a more regional scale, consequences
of the increase erosion would imply an increased siltation of downstream reservoirs. Simulation of
land-use change scenarios and respective analysis, such as the one conducted in this study, may inspire
local as well as regional policy makers towards a more sustainable and coordinated regional land and
water resources management.
In general, the study showed that in spite of the complexities of involving a wide range of
socio-economic and biophysical factors in land-use modelling, the major trends of the past can be
captured and reproduced to predict a likely trajectory of land-use change in the Jedeb catchment. As
the land-use modeling presented in this study involves various socio-environmental parameters and
complexities, a number of uncertainties will likely affect model results. Besides uncertainties pertinent
to the land-use model itself, those that propagate with the data gathered and used for the modelling can
be expected to affect the certainty of results. We believe that the allocation of initial weight parameters
(which are then checked against the assigned weights through calibration afterwards) help to reduce
overall uncertainties. With respect to data uncertainties, we have tried to quantify as many of the
variables as possible through various spatial correlation techniques in order to reduce subjectivity.
Furthermore, where empirical data were lacking, assumptions were made based on the local expert
judgments and field observations.
4. Conclusions and Recommendations
Our land-use change model involved complex layers of socio-economic and biophysical factors.
With the objective to develop a predictive land-use model, we analyzed socio-economic and biophysical
land-use drivers. We developed a land-use change model that was parameterized and calibrated using
field data. Based on an initial land cover from 1986, we developed and simulated a land-cover change
until 2009. Furthermore, we evaluated and calibrated the simulated map of 2009 with a Landsat
derived land cover map for the same year. The study demonstrates methods and techniques for
identifying and analyzing land-use change drivers. The simulated map of the year 2009 showed an
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overall good performance in mimicking land-cover dynamics, trends and magnitudes as confirmed by
the observed land cover map. Once evaluated, the simulated model was used to simulate changes
until 2025 under a business-as-usual scenario. This scenario assumes present rates of growth in
population and livestock as well as associated demands. The fact that no explicit water availability or
other water related constraint (except for distances from water bodies) was considered may be one
of the limitations of this study that have to be mentioned. Especially in a catchment like that of the
Jedeb, where river water is inaccessible (flows in deep gorges), hydrologic components such as surface
runoff, ground water storage, and/or evapotranspiration, may be better explanatory variables than the
variable distance to water sources. We believe that accounting for hydrologic impacts on the land-use
dynamics of this catchment can improve understanding of the catchment land use dynamics further
and can be a valuable continuation of this study.
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