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A B S T R A C T   

Understanding the drivers of urban growth and spatiotemporal land use change is important for 
rational land use and sustainable urban development. Based on the land use data, GIS data of 
explanatory variables, experts’ knowledge and field observation, the study used a binary logistic 
regression model (BLRM) to analyze factors that drive rapid urban growth in Bahir Dar city, 
Ethiopia, using the LOGISTICREG module in IDRISI Selva software. Nine factors were used to 
reflect the influence of proximity and physical factors on urban growth from 1984 to 2019. This 
model helped in quantifying and identifying the factors of urban growth, which includes 
topography (slope, elevation and aspect) and accessibility (Dis. to the main road, Dis. to inter-
national airport, Dis. to CBD, Dis. to existing built-up area, Dis. to forest land and Dis. to water 
body). Furthermore, urban growth probability maps were created based on LRM results, revealing 
that the biggest urban growth would occur around existing built-up areas along the main roads 
and near Bahir Dar international airport. The Relative Operating Characteristic (ROC) values of 
0.85, 0.90 and 0.93 and PCP values of 96.72 %, 98.46 % and 98.51 % indicate the urban growth 
probability maps are valid and BLRM had an ideal ability to predict urban growth. So, the study 
highlighted the relation between urban growth and its drivers in Bahir Dar, giving a decision 
making framework for better land use management and resource allocation.   

1. Introduction 

Urbanization is a process of socio-economic changes and a major indicator of regional development [1]. The cityscape has rapidly 
transformed in recent decades in response to fast population growth and transition from rural to urban areas ([2,3]). Unprecedented 
growth in the global urban population over the past few decades has rapidly expanded urban areas, particularly in developing Asian 
and African nations [4,5]. Urban growth has been accelerating because of rapid population growth and high demand of urban land for 
settlement and different industrial expansions [6,7]. The principal sources of change in natural systems on earth are human-induced 
ecological and urban landscape transformations, which have an impact on the biosphere’s ability to sustain life [8–11]) stated that 
man depends on the environment for survival and the environment also depends on human beings for sustenance. Land use land cover 
change in urban areas has significantly increased in the past decades due to rapid urban growth [12,13]. Therefore, different land 
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cover classes such as forests, farms, mountain ranges and water bodies have changed into urban areas and infrastructures [14,15] (see 
Table 10). 

Spatiotemporal analysis and monitoring of urban growth dynamic as well as its driving factors is very important to understand the 
process of urbanization and its corresponding environmental effects throughout the world [5,16]. Long term and consistent analysis 
and mapping of urban growth is also crucial to track, project and understand trends of urban growth and address problems affecting 
sustainable urban development [16,17]. Human induced land use land cover changes is also another crucial issue to determine and 
address the challenges of sustainable urban growth [17,18]. So, monitoring and evaluating urban growth and its driving factors is very 
crucial and area of research for different scholars [18–20]. 

The rapidly growing cities and towns are diminishing the major natural resources through overutilization, resulting in unplanned 
and unsustainable development situations [7,17]. Urban growth can be managed by planning the future scenarios for which LU/LC 
change dynamics is crucial to understand [21,22] So, to ensure sustainable development, cities and towns must have a plan and 
management which balances the unlimited demand of human beings and the limited resources provided by the natural environment 
through careful and wise utilization of resources and transfer it to the next generation [23]. To accommodate changes in planning, 
monitoring, managing and evaluating urban planning, localization of Sustainable Development Goals (SDGs) in towns and cities 
necessitates up-to-date spatial information [24]. Sustainable development must address the requirements of the current generation 
without jeopardizing the future [17]. Cities and towns in developing nations struggle to alleviate the problems related to access to 
up-to-date information, reflecting urban dynamics to improve and protect environmental conditions [25–27] So, Geographic Infor-
mation Systems (GIS) and Remote Sensing techniques (RS) are useful tools for tracking and studying changes in urban land use and 
land cover through space and time [28,29]. 

Unplanned and unmanaged urban growth has been hampering the quality of growth in different regions of the world [20]. This 
type of growth, which lacks spatial plan, impacts the natural ecosystem, including wildlife, through uncontrolled sprawling of cities 
and towns [16,30,31]. Rapid urban growth diminishes the amount of agriculture, forest and water bodies [32]. It also affects human 
health caused by increasing trends of environmental pollution [33,34]. The logistic regression model (LRM) was chosen and applied 
for this study because the Relative Operating Characteristic (ROC) has an excellent potential to compare the actual and projected maps 
(Osman & Monir, 2018). ROC of 0 indicates no urban growth and 1 implies the presence of growth [3,19,35,36]. 

Understanding and simulating urban growth and land use changes are crucial topics for environmental management, planning, and 
civil engineering [37]. Models may be the most effective tools for comprehending changes in land use and land cover as well as for 
careful planning to improve the management of cities and towns [32,38]. Rapid developments in modeling have made it possible to 
simulate and plan unique land use and land cover changes [14,39,40]. To model, predict and simulate urban growth and LULC 
changes, many scholars have employed various empirical and theoretical modeling techniques [41–44]. The logistic regression model 
is one of these techniques for empirical simulation. The logistic regression model has been used for studding different research 
problems such as forest coverage [45–47], urban development [8,43] and land use land cover change [48–50], predicting future trends 
in land use change [44,51] and urban sprawl [52–54]. Literatures revealed that logistic regression presents a clear picture of the weight 
of independent variables and their respective functions, as well as a good grasp of urban growth and urban growth processes (Aithal 
et al., 2017; Ramachandra et al., 2013 [55,56]; LRM allows and considers all socio-economic, physical, and demographic factors 
involved in the land use transformation and urban growth process, which are not available in many models and techniques [57]. 
Furthermore, LRM takes into account the spatial effects, autocorrelation and heterogeneity [58]. LRM also demands cautions when 
dealing with spatial autocorrelations that are common in geographically referred data, as these autocorrelations may cause the LRM 
hypothesis to be violated [59,60]. The essential features of most urban growth models, including LRM, are the relationships between 
urban growth changes and its explanatory variables. However, understanding, monitoring and analyzing the interactions between 
factors of urban growth in LRM is a challenging and time consuming process. As a result, it is vital to address the misunderstandings 
and lack of knowledge regarding these driving factors. There are certain limitations in using the LRM that should be considered [61, 
62]. 

Literatures indicate an increasing demand for modeling and quantifying the extent and location of urban growth over space and 
time. Because of its significant growth in recent decades, Bahir Dar was chosen as a case study. Furthermore, its urban growth has never 
been thoroughly studied. The city is considered multifunctional because it is the political, economic, and social hub of the Amhara 
regional state and Ethiopia. Despite Ethiopia’s government urban plan, Bahir Dar has experienced rapid but chaotic urban planning in 
recent decades. Corruption, mismanagement, political upheaval, and economic concerns may impact urban planning, resulting in huge 
and rapid urban growth. Rapid and uncontrolled urban growth and the quick conversion of productive agricultural fields, forests, and 
environmentally reserved areas have brought socio-economic and environmental difficulties in Bahir Dar. No research has been 
conducted on factors of urban growth in Ethiopia as well as Bahir Dar city using binary logistic regression model (BLRM) until this 
study was carried out. 

Furthermore, the growth of Bahir Dar city is very fast as compared to other cities with similar socio-economic and political situation 
in Ethiopia. Previous studies consider few proximity and physical factors such as distance from the main road and slope as the only 
factors affecting the growth of urban areas. These factors were even studied in other cities and towns but not in the study area. This 
study also tried to identify many physical and proximity factors affecting urban growth in the study area. The application of relative 
operative characteristic (ROC) method for validation of the model is also another new concept in the study areas as well as Ethiopia till 
now. In addition, the use of geospatial data and technologies to determine the driving factors of urban growth is not given attention by 
researchers in Ethiopia. Survey method of analyzing urban growth related data is common method of research. Furthermore, this study 
attempted to assess the long term spatiotemporal urban growth in Bahir Dar City and its explanatory variables for the last three and 
half decades using statistical methods. Most previous studies tried to monitor short-term spatiotemporal urban growth and land use 
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change. So, the study tried to fill these gaps which were not practically alleviated by previous research because of different reasons. 
Previously, the urban growth pattern and driving factors for long term rapid urban growth of Bahir Dar City has never been analyzed. 
Application of this method in other study areas can not directly indicate the situations in Bahir Dar. Because the urban growth rate, 
growth pattern, study period as well as spatiotemporal distribution is not the same. So, BLRM is new for analysis of urban growth and 
land use land cover study and has good predictive ability. The PCP values were also computed to validate the BLRM in this study. This 
was also not commonly applied to evaluate the model in most previous studies. But it has good ability to evaluate the quality of the 
model. The study is, to our knowledge, the only study that uses both PCP and ROC at the same time to evaluate the quality of BLRM. 
Both of them are excellent methods to compare the actual maps with that of predicted as well as suitability maps. 

This paper shows the use of LRM technique in simulating urban growth. This quantitative technique was used to monitor, quantify 
and analyze urban growth processes in Bahir Dar and its environs. Its goal is to improve our understanding of biophysical and socio- 
economic elements and their interactions and forecast future urban growth scenarios in Bahir Dar. Specifically, the objectives of this 
study are to detect and analyze the spatiotemporal changes in urban growth in Bahir Dar between 1984 and 2019, monitor the un-
derlying causes that drive rapid urban growth and last but not least, to predict urban growth changes using Logistic Regression Model. 
The current study differs from the other studies because it uses nine variables that have a greater impact on urban growth. The study 
indicates that urban growth is geared towards agricultural lands, forests and wetlands. So this will help policy makers and planners 
make optimum land-use planning and management decisions. 

2. Materials and methods 

2.1. Study area 

The study was carried out in Bahir Dar city and its environs, which is found in the northwest part of Ethiopia (Fig. 1). The city covers 
an area extending from 11◦30′0″ to 11◦41′ N longitude and 37◦16′ to 37◦30′0″ E latitude. The total area of Bahir Dar is around 213.55 
km2, which is relatively small in the country’s total area. It is divided into nine sub-cities and 32 rural kebeles. Bahir Dar is located in 
the Northwest part of Ethiopia at road distance of 565 km far from the capital city of Ethiopia. The altitude of the city and its sur-
roundings ranges from 1717 to 2008 m above mean sea level. Now it is the administrative seat of Amhara National Regional State. 

The population of the city has been growing very fast. Its population was 54, 800 during the first census (1984) of Ethiopia and 
grew to 96, 140 in the second census (1994). This figure shows there was an increment of the population by 75 % within 10 years of 

Fig. 1. Location map of the study area.  
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interval, which is one census period of the country. In the third census (2007), the population of Bahir Dar was increased to 221, 991, 
with an increase of about 87 % from 1994 census. Census has been conducted in every 10 years of interval in Ethiopia which is carried 
out by Ethiopian Central Statistics Agency (CSA). 

However, due to different socio-economic and political problems, the current population of Bahir Dar is not exactly known, census 
has not been carried out recently. Based on the sample survey conducted on 2017, the population of Bahir Dar was 348, 429. Based on 
these figures, the population of Bahir Dar was projected for this study and the projected population for 2019 was 389, 177. 

2.2. Data and methods 

This paper was conducted based on the data obtained from various sources. Landsat images obtained from different sensors (TM & 
ETM+) acquired in 1984, 1994, 2009 and 2019 were freely downloaded from the USGS website (Table 1). Furthermore, this study used 
other geospatial data sources to get auxiliary data. In order to select the appropriate and quality Landsat satellite images, different 
factors such as type of sensors, resolution of images, costs, quality of images and availability of the required images should be 
considered. This study selected these dates by considering data availability, data quality and dry seasons. Landsat 7 ETM+ has not been 
used for this study because images acquired by the sensor from 2002 to 2008 for this study area were distorted with high strips. So, the 
researcher has been forced to use Landsat TM 2009 instead of Landsat 7 ETM + for the study because of the lack of adequate data. The 
images were taken with every 10 years of interval (Table 1). However, the Landsat images from 2002 to 2008 were not good in quality 
and not convenient for urban growth study. So, the researcher has taken Landsat TM 2009 instead of 2004 due to the poor quality of 
images of the target year. This affects the fixed interval dates to be considederd between 1994 and 2009 in this research, unlike the 
other study years taken in a fixed interval of 10 years. So, the selection of Landsat satellite images dates was influenced by the quality of 
images in this study. 

ArcGIS 10.3 has been used for the different steps of image processing, which enables the pre-processing and different spatio-
temporal analysis required for this study. Moreover, the Landsat images were classified using Maximum Likelihood supervised clas-
sification techniques after pre-processing. These classified thematic maps have six classes: built–up, forest, water body, crop land, 
Wetland and open spaces. The accuracy of the maps was evaluated and validated using ground control points (GCPs), Google earth 
maps and high resolution images (Spot 1.5 × 1.5 m and 5 × 5 m). Each LULC map used in this study has an accuracy level greater than 
80 %, indicating the high image classification accuracy. In addition, the LULc maps and other auxiliary data were geometrically 
corrected and referenced to WGS 1984, UTM zone. Following this, in ArcMap 10.3, thematic raster maps of the dependent (Y = 1) and 
independent (Xi) variables with a resolution of 30 × 30 were prepared. Finally, raster data (dependent and independent variables) was 
converted to ASCII format and imported to IDRISI Selva for further processing, running the LRM, model calibration and validation. 

2.3. Logistic regression model 

In contrast to knowledge based techniques, LRM is a data driven, empirical statistical model used to identify and determine the 
drivers of urban growth change. In developing countries like Ethiopia, the availability of well-organized and high quality data con-
nected to the study influences the choice of explanatory variables. Most geospatial data utilized to determine the most significant 
variables and their correlation with urban growth were obtained from free and open sources. 

Previously, numerous researches were carried out by applying spatial logistic regression models like linear regression and logistic 
regression to determine the relationships between urban growth and its drivers [63–66]. For instance, linear regression was utilized to 
predict LULC changes of urban fringes, and logistic regression was applied to explain the spatial patterns of land development [67,68]. 
But the most widely used statistics is BLRM, which enables exploring the association between binary dependent and multiple predictor 
variables [67,69–71]. 

A statistical model called BLR was applied in this project to determine the relations between urban expansions (built-up area 
growth) the predictor variables and to produce probability maps of urban growth. BLRM model is a commonly utilized statistical 
technique to predict the future changes in urban growth and trends of LULC changes [72] and is purposely used to determine the 

Table 1 
Data used and their sources.  

Data Data sources 

Landsat TM (1984) USGS earth explorer 
Landsat TM (1994) USGS earth explorer 
Landsat TM (2009) USGS earth explorer 
Landsat ETM+ (2019) USGS earth explorer 
SPOT 6 EMA 
SPOT 6/7 EMA 
Administrative boundary map EMA 
SRTM Dem USGS earth explorer 
Road map Open Street Map Downloaded 
Active economic center (CBD) Google earth 
International Airport Google earth 
Ground control points GPS  

K. Getu and H. Gangadhara Bhat                                                                                                                                                                                  



Heliyon 10 (2024) e25137

5

empirical relationships between binary dependent and numerous independent variables [73,74]. The dependent variable is a bina-
ry/dichotomous class variable with presence (1) and absence of urban growth (0), and the independent variables are catego-
rical/continuous variables. The study has been conducted based on the hypothesis that the probability of a nonurban cell converting to 
an urban cell would follow the logistic regression curve. So, the common and widely used formula to compute logistic regression is 
given below. 

Y = a + b1x1 + b2x2 + … + bmxm 1  

Y = loge

(

P /1 − P
)

= log it (P) 2  

P(Z = 1)= ey/1 + ey 3  

Where X1, X2 ….Xm are predictor variables and Y is the linear combination of predictor variables indicating linear relationships. The 
parameters b1, b2 ….bm are the regression coefficients to be estimated in the analysis processes. The other parameter Z denotes the 
binary response of the variables (0 or 1) and P represents the probability of occurrences of a new unit, i.e., Z = 1. 

For this study, urban growth in Bahir Dar was used as a dependent variable, where 1 represents urban growth and 0 for nonurban 
growth for the study years from 1984 to 1994, 1994–2009 and 2009–2019. So, the driving factors/explanatory variables were selected 
based on different procedures. First and foremost, the probable explanatory variables were identified based on literature review [11, 
43,55,61,75,76]. Then, a total of 13 explanatory variables were identified and categorized into three groups: environmental, 
socio-economic and proximate factors. The explanatory or predictor variables that have been used in this research were Dis. to in-
ternational airport, Dis. to forestland, Dis. to water bodies, dis. to CBD, Dis. to existing built-up area, Dis. to the main road, slope, aspect 
and elevation. These variables were chosen depending on literature reviews, field observation and discussion with local experts. 

Distance to Bahir Dar international airport is one of the driving factors of urban growth in Bahir Dar city. This means the physical 
distance that each cell has from the Bahir Dar international airport. Bahir city has an international airport which have been giving 
international flight services for long period of time. 

Distance to forestland is the other factor incorporated in this study as one of the driving factor influencing urban growth in Bahir 
Dar. Forest is one of the land use land cover class in Bahir Dar city. Distance from forest land in this study indicates the distance that 
each cell in Bahir Dar has from forestlands. 

Distance to water bodies is also another driving factor influencing the growth of Bahir Dar city. There are different water bodies in 
Bahir Datr city; Abbay River (Blue Nile, longest river in the world) and Tana Lake (shallowest and Wider Lake in Africa). This water 
bodies are influencing the growth of Bahir Dar city since its establishment till now. So, distance from water bodies in this study refers to 
the distance each cell in Bahir Dar has from these water bodies. 

Distance to central business district (CBD) is also used as factor of urban growth in Bahir Dar city. CBD shows parts of Bahir Dar city 
which contain the main commercial streets and personal buildings in the center of the city. Distance from CBD in this study indicates 
the distance each pixel in the raster map has from the center or commercial business district of Bahir Dar city. 

Distance to existing built-up areas is the other proximity factor influencing the growth of Bahir Dar city. Built-up areas include 
settlements, industrial parks, pavements, roads and other artificial surfaces in Bahir Dar city. So, distance from existing built-up areas 
indicates each pixel’s distance from these built-up areas or impervious surfaces. 

Distance to main roads is also investigated as one of the driving factors influencing Bahir Dar city’s growth. There are major roads 
that provide transport services for urban dwellers and also pass through the city. The major roads that pass through the city are the 
Addis Ababa – Gonder and Addis Ababa Dessie road. These roads provide main transport services to the city, regional state and the 
country. So, distance to main road in this study indicates each pixel’s distance from these major roads. 

Slope and aspect are the other topographic factors influencing the growth of Bahir Dar city. Slope refers to the rate of elevation for 
each digital elevation model (DEM) pixel, measured in degrees. It represents the steepness of the surface in Bahir Dar city. Aspect 

Table 2 
Variables of logistic regression model.  

Variables Description of variables Nature of data Shape 

Dependent (Y) Urban growth 
0 = no urban growth 
1 = urban growth 

Dichotomous Polygon 

Independent 
Dis_Airport Distance to international airport Continuous Point 
Dis_Forest Distance to forestland Continuous Line 
Dis_Water Distance to water bodies Continuous Line 
Dis_CBD Distance to CBD Continuous Point 
Dis_Urban Distance to existing built -up Continuous Point 
Dis_Mird Distance to main road Continuous Line 
Slope Slope Continuous Line 
Aspect Aspect Continuous Line 
Elevation Elevation Continuous Line  

K. Getu and H. Gangadhara Bhat                                                                                                                                                                                  



Heliyon 10 (2024) e25137

6

indicates the direction of slope. It identifies the down-slope direction of the maximum rate of change in value from each pixel to its 
neighbors. 

Accordingly, distance from Wetland, distance from satellite town, soil type and population density were excluded from the list 
because of lack of well–organized data and insignificant roles of the variables for urban growth. The probability of land becoming 
urban is generally taken as a function of the determined predictor variables. So, nine driving factors were taken for analysis and 
prediction purposes for the proposed model (Table 2). All the data sets procedures and analysis methods used in this research has been 
indicated in the figure bellow (Fig. 2). 

2.4. Variables used in the model 

2.4.1. Dependent variable 
This study used four binary land cover maps of 1984, 1994, 2009 and 2019 as dependent variables to run LRM. The LULC maps 

were classified into two land cover classes 0 and 1. In these reclassified maps, 0 represents urban class and 1 denotes nonurban land use 
classes. The conversion rule assumes that land cover only changes from non –urban to urban land use class. This is because the 
probability of land cover converting from urban to non – urban is very unseal and rare in developing nations like Ethiopia. Urban 
growth in this research has been detected using binary logistic regression method, which uses the net urban growth from 1984 to 1994, 
1994–2009 and 2009–2019 as dependent variables and explanatory variables as predictor variables. The dependent variable was 
produced by using image calculator tool in IDRISI Selva software. 

Fig. 2. Methodological flowchart of the study.  
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2.4.2. Explanatory variables of urban growth 
Finally, based on the literatures reviewed, field observation and discussion with local experts, nine predictor variables were 

selected to run the LRM. It is obvious that most LU/LC models are data driven. The variables included in the model are Dis. to in-
ternational airport, Dis. to forestland, Dis. to water bodies, Dis. to CBD, Dis. to existing built-up area, Dis. to main road, slope, aspect 
and aspect elevation. These variables were produced in ArcMap 10.3 and had the same grid cell size of 30 × 30 m. Slope, elevation and 
aspect maps were generated from STRM DEM of the study area. Distance maps were computed in ArcMap using the Euclidean distance 
function tool. The shortest Dis. between the center of the source cell and the center of each surrounding cell was calculated using this 
Dis. function tool of ArcMap 10.3. The values of all these explanatory variables were standardized into the range from 0 to 1. 

The aim of LRM is to better understand and quantify the interplay between urban growth and its factors. During the modeling 
processes, urban growth is treated as binary/dichotomous dependent variable that must be explained in terms of the nine independent 
variables involved in the model. The cells in independent variables have only two options, conversion to urban growth cell (1) or stay 
as no urban growth (0). Based on the assumptions, the model allowed only the conversions from nonurban to urban (0–1). But the 
explanatory variables involved in LRM are continuous. 

The LRM is undertaken for the three time periods: 1984–1994, 1994–2009 and 2009–2019. In each period, the number of predictor 
variables used is the same. Table 2 contains the list of all variables included in the logistic regression and raster maps of all predictor 
variables (Fig. 3). 

2.5. Multicollinearity analysis of explanatory variables 

Multicollinearity refers to a scenario in which two or more variables are more strongly linked than dependent variables [77–79]. 
Multicollinearity in the model might result in a very high standard error and low t-statistics, unexpected changes in the coefficient 
magnitudes/signs and insignificant coefficients despite a high R2 values. When the output is interpreted incorrectly, such issues can 
lead to erroneous conclusions about the relationships between the explanatory and dependent variables. So, computing multi-
collinearity analysis is a pre-condition for conducting logistic regression [80]. 

In logistic regression, the presence or absence of multicollinearity is not the major concern of researchers; rather the degree of 
presence is important. The more multicollinearity there is, the greater will be the likelihood that multicollinearity cause problems. 

Fig. 3. Raster layers of independent variables of logistic regression.  
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Different methods of evaluating the presence and degree of presence of multicollinearity in spatial logistic models are available in 
literatures. In statistical analysis, VIF/variance inflation factor/is the most extensively used test for determining multicollinearity. This 
statistical test measures how far the variance of the estimated regression coefficient are inflated. VIF for Kth predictor can be computed:  

VIFk=(1-R2
k) – 1 … … … … … … … … … … … … … … … … … … … … … … … … … … … … … … ….                                     4 

Where R2 is the R2 value obtained by regressing the Kth predictor on the remaining predictors. According to most previous research and 
reference books/statistical manuals, VIF>10 indicates the presence of severe or serious multicollinearity among independent variables 
(Marcoulides & Raykov, 2019; O’Brien, 2007). Statisticians recommended several approaches to alleviate the multicollinearity 
problem. The simplest and usual method is to remove some of the variables that are highly associated with each other in the model 
because the variables that are highly correlated provide the same information about the study. 

2.6. Validation and calibration of LRM 

The Relative Operative Characteristic (ROC) was used in this instigation to test the validation of LRM and evacuate probability 
maps that resulted from it. The ROC has been used to assess and validate the proposed model in urban growth research and is a reliable 
tool [3,67,81]. 

The ROC tool evaluates/tests the relationships between the actual and the predicted changes. It computes the percentages of false 
positives, true-positives for a range of thresholds and relates them to each other [82]. The area under the curve (AUC), which can range 
from 0.5 to 1, is calculated using the ROC technique. The value of 0.5 shows that the probabilities are assigned at random, implying 
that the expected agreement is due to change. On the other hand, a value of 1 implies the presence of a perfect probability assignment, 
which means that the actual urban growth and the predicted urban probability maps have a perfect spatial agreement [82]. 

LRM validation was carried out by comparing the probability maps of the future urban growth generated by the logistic regression 

Fig. 4. LULC change maps of Bahir Dar in 1984, 1994, 2009 and 2019.  
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model with the actual urban growth from 1984 -1994, 1994–2009 and 2009–2019. 

3. Result analysis 

3.1. Analysis of LULC changes 

The LULC maps and changes in the area are depicted in Fig. 4 and Table 3, respectively. Table 3 shows that crop land was the most 
prominent land cover type in 1984, with an area of 16568.10 ha representing 77.66 % of the total area. The built-up area class 
represents only 243.94 ha (1.1 %) in the same period. However, between 1994 and 2009, the urban land cover (Built-up) expanded 
dramatically, reaching 2529.98 ha of total area. Furthermore, forest cover decreased from 2163.95 ha in 1984 to 1589.39 ha 1994 to 
2019 due to rapid land use change and urban growth. Fig. 3 depicts the evolving pattern of LULC changes in the research area from 
1984 to 2019. 

3.2. Multicollinearity analysis 

Multicollinearity diagnosis was performed for each set of variables utilized in different time periods to remove redundant variables 
from the model and ensure coefficient stability. This analysis was carried out in SPSS 20 statistical software by iteratively regressing 
one of the independent variables against the remaining eight variables. So, variables that have variance inflation factor greater than 10 
(VIF>10) were excluded from the model. The analysis indicated that the variables used in this model have a score of VIF<10. So, the 
proposed independent variables have been measured the different aspects of the dependent variable being modeled. These analyses’ 
detailed descriptions have been elaborated and shown in the table below (Table 4). 

3.3. Logistic regression analysis 

Before applying the BLRM model, the urban growth maps for 3 periods (1984–1994, 1994–2009 & 2009–2019) have been pro-
duced (Fig. 5). This enables to properly detect the changes that have been occurred in the dependent variable for each period. As 
indicated in the figure (Fig. 5), there was an increased urban growth throughout the study period (1984–2019) in Bahir Dar city. 

3.3.1. Urban growth model 1984–1994 
The result explained the linkage between urban growth and its determinants in Bahir Dar and its environs. It can be interpreted that 

pixels with a higher coefficient near any independent variable have a larger development likelihood for change. As indicated below 
(Tables 5–7), the signs given for each coefficient indicate the existing positive/negative relation to the reaction of the dependent 
variables. For example, the negative correlation coefficient (− ) refers to if Dis. increased, urban growth decreased and vice versa. 

Among the explanatory variables, distance from water body, slope and distance from existing built-up area are positively correlated 
with urban growth. The other six variables are negatively correlated with urban growth (Table 5). The significance of explanatory 
variables can be measured using odds ratio. So, odds ratio (OR) is a crucial metric for interpreting logistic regression model. 
Explanatory factors with a higher odds ratio (>1) in the LRM are considered as strongly impacted variables. In this study, all the 
independent variables have OR>1 except elevation, which reveals that these predictor variables play a significant role in urban growth 
processes of the specified period. 

3.3.2. Urban growth model 1994–2009 
As indicated from the table, Dis. to main road, aspect and Dis. to exiting built-up land was negatively correlated with the dependent 

variable. The remaining variables such as Dis. to international airport, Dis. to forest land, Dis. to water body, Dis. to city center (CBD), 
slope and elevation are observed positively correlated with urban growth in this period of urban expansion (Table 6). Variables that 
have odds ratio>1 are significantly fitted in the model and considered influential in urban growth. All the variables, except distance to 
water body, have odds ratio (OR >1). This indicates the presence of these variables involved in this logistic regression model in high 
probability of urban growth. 

Table 3 
Land use land cover change over the study period.  

Land Use Types 1984 1994 2009 2019 

area (ha) % area (ha) % area (ha) % area (ha) % 

Built - up 243.94 1.14 357.56 1.68 1768.09 8.29 2529.98 11.86 
Crop Land 16568.10 77.66 15319.84 71.82 14947.79 70.07 14183.18 66.49 
Forest 2163.95 10.14 1993.85 9.35 1998.68 9.37 1589.39 7.45 
Open Space 1478.74 6.93 2196.13 10.29 1371.67 6.43 1428.98 6.70 
Water Body 356.98 1.67 392.66 1.84 332.22 1.56 361.05 1.69 
Wetland 523.13 2.45 1071.93 5.02 913.68 4.28 1239.12 5.81  
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Table 4 
Results of multicollinearity analysis.  

Variables Description of variables VIF 

(1984–1994) (1994–2009) (2009–2019) 

Dis_Airport Distance to international airport 5.456 5.172 4.985 
Dis_Forest Distance to forestland 6.543 6.983 6.012 
Dis_Water Distance to water bodies 4.373 4.015 3.987 
Dis_CBD Distance to CBD 3.398 3.837 3.509 
Dis_Urban Distance to existing built -up 2.357 2.059 2.067 
Dis_Mird Distance to main road 3.362 3.879 3.994 
Slope Slope (%) 4.587 4.901 4.342 
Aspect Aspect 4.593 4.893 4.572 
Elevation Elevation (m) 2.758 2.391 2.039  

Fig. 5. Dependent variable: urban growth from 1984 to 2019.  

Table 5 
Estimated coefficient and odds ratio for logistic regression model of 1984–1994.  

Variables Description of variables Coefficient (β) Odds ratio Standard Error 

X1 Distance to international airport − 6.5362 3.1367 0.090787 
X2 Distance to forestland − 4.8786 14.3798 0.090663 
X3 Distance to water bodies 2.530 3.5404 0.090604 
X4 Distance to CBD − 8.6190 14.3798 0.090784 
X5 Distance to existing built -up 2.5687 1.0914 0.090920 
X6 Distance to main road − 1.451 1.4348 0.090733 
X7 Slope 9.1673 1.3818 0.090626 
X8 Aspect − 6.650 4.0262 0.090629 
X9 Elevation − 5.8980 0.7822 0.090627  
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3.3.3. Urban growth model 2009–2019 
From 2009 to 2019, the results of LRM revealed that all the predictor variables included in the model were able to explain the 

dependent variables at varying levels of significance. Here, slope, aspect, elevation and distance to existing built-up area are negatively 
correlated with urban growth (Table 7). However, the remaining variables: distance to airport, distance to forest, distance to water 
body, distance to CBD, and distance to main road are positively correlated with urban growth in the specified period. The odds ratio of 
all variables of this period are greater than 1 (OR>1), showing that these predictor factors had a very high influence on the probability 
of urban growth during this period. 

3.4. Comparative analysis of the driving factors of urban growth 

The table below (Table 8) indicates that all the variables except elevation incorporated in this investigation had high odd ratio 
(OR>1) from 1984 to 1994. This figure implies that all the variables in this study had great influence on the probability of urban 
growth in Bahir Bad city. However elevation had odd ratio below 1 (OR<1) which indicates its impact on urban growth not that much 
significant. Even though, it’s value (OR) is less than 1, it is nearly approaching to 1 i. e 0.78. But scientific studies indicates that 
predictable variables that have OR>1 has no significant influence on the probability of urban growth. Based on the OR values, distance 
to forestland (OR = 14.3818), distance to CBD (OR = 14.3798), aspect (OR = 4.0262), distance to water bodies (OR = 3.5404) and 
distance to Bahir Dar international airport (3.1367) had OR>3. This indicates that the above listed variables had very high impact on 
the probability of urban growth from 1984 to 1994 in Bahir Dar city. But this does not mean the other explanatory variables had less 
impact on the urban growth in the same time period. All the 8 variables except elevation had significant impact on urban growth from 
1984 to 1994 in the study area (see Table 9). 

From 1994 to 2009, all the explanatory variables incorporated in this model had significant impact on the growth of Bahir Dar city 

Table 6 
Estimated coefficient and odds ratio for logistic regression model of 1994–2009.  

Variables Description of variables Coefficient (β) Odds ratio Standard Error 

X1 Distance to international airport 2.871 25.7326 0.205305 
X2 Distance to forestland 6.765 515.3326 0.204675 
X3 Distance to water bodies 1.901 0.7571 0.205690 
X4 Distance to CBD 4.988 109.2833 0.206850 
X5 Distance to existing built -up − 2.024 1.0805 0.08378 
X6 Distance to main road 2.463 1.1893 0.205690 
X7 Slope 3.162 1.7377 0.204523 
X8 Aspect − 2.884 1.3415, 0.204541 
X9 Elevation 2.625 1.2801 0.204552  

Table 7 
Estimated coefficient and odds ratio for logistic regression model of 2009–2019.  

Variables Description of variables Coefficient (β) Odds ratio Standard Error 

X1 Distance to international airport 5.547 30.9772 0.191265 
X2 Distance to forestland 4.715 1.2343 0.192058 
X3 Distance to water bodies 2.599 3.2949 0.191742 
X4 Distance to CBD 9.879 320.8942 0.192025 
X5 Distance to existing built -up − 1.896 1.2571 0.191528 
X6 Distance to main road 1.547 1.3377 0.195113 
X7 Slope − 1.586 1.8277 0.194970 
X8 Aspect − 2.089 2.2061 0.194119 
X9 Elevation − 1.201 1.3360 0.195101  

Table 8 
Comparative analysis on temporal changes of factors of urban growth in Bahir Dar from 1984 to 1994, 1994–2009 and 2009–2019.  

Variables Description of variables Odds ratio 

1984–1994 1994–2009 2009–2019 

X1 Distance to international airport 3.1367 25.7326 30.9772 
X2 Distance to forestland 14.3798 515.3326 1.2343 
X3 Distance to water bodies 3.5404 0.7571 3.2949 
X4 Distance to CBD 14.3798 109.2833 320.8942 
X5 Distance to existing built -up 1.0914 1.0805 1.2571 
X6 Distance to main road 1.4348 1.1893 1.3377 
X7 Slope 1.3818 1.7377 1.8277 
X8 Aspect 4.0262 1.3415, 2.2061 
X9 Elevation 0.7822 1.2801 1.3360  
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except distance to water body. All factors listed below in the table had high odds ratio (OR>1) except distance to water bodies. This 
implies that all 8 variables incorporated in this model had impacts on the probability of urban growth in Bahir Dar city. However, 
distance to water body had odds ratio less that 1 (OR>1), indicating that this variable had no significant influence on urban growth 
from 1994 to 2009 in Bahir Dar city. It had odds ratio (OR = 0.7571) i. e below the expected threshold (OR<1). As per odds ratio values 
obtained from logistic regression analysis, distance to forestland (OR = 515.3326), distance to CBD (OR = 109.2833), distance to 
international airport (OR = 25.7326) had OR>3. This values implies that had very high impact on the probability of urban growth in 
Bahir Dar from 1994 to 2009. The other remaining explanatory variables had also OR>1 except distance to water bodies. So, these 
factors had also significant impact on the probability of urban growth in Bahir Dar in the same study area. 

In the third study period (2009–2029), all the nine explanatory variables had significant impact on the probability of urban growth 
in Bahir Dar. The variables which had high odds ratio were distance to CBD (OR = 320.8942), distance to international airport (OR =
30.97772), distance to water body (3.2949) and aspect (OR = 2.2061). The other 5 explanatory variables had also OR>1, implies that 
urban growth in Bahir was influenced by all the variables incorporated in the logistic regression model of this study from 2009 to 2019. 
Even though, the 4 explanatory variables (distance to CBD, distance to water body, aspect and distance to Bahir Dar international 
airport) had very high impact the probability of urban growth in Bahir Dar from 2009 to 2019, the remaining 5 variables (distance to 
forestland, distance to existing built-up area, slope, distance to main road and elevation) had also significant impact on the growth of 
urban growth. 

There was changes that has been taken place on the driving factors of urban growth in Bahir Dar over time. This would be related 
with the frequent change in the land use land cover of the city, land use policy of the country, socio – economic status of the city and 
urban dwellers and difference in spatiotemporal distribution of environmental factors. 

3.5. Probability of urban growth 

The coefficient LRM encompassing the nine predictor variables was employed to predict urban growth probability of Bahir Dar in 
the three specified period and the following general formula was applied: 

P=
(
Y = 1 X1,X2,……..Xk

)
=

1

1 + e−
(

∝+
∑K

i=1
βiXi

) 5  

Where P(Y = 1 X1, X2, … ….Xk) is the probability of dependent variable Y being 1 given (X1, X2, ….Xk) is the probability of a cell being 
urbanized; is an independent variable representing a driving forces of urban growth; and βi the coefficient for variable Xi. 

The urban growth probability maps of Bahir Dar indicated in Fig. 6 (A-C) are 0–0.167 (1984–1994), 0–0.555 (1994–2009) and 
0–0.982 (2009–2019) classified colors of urban growth probability values. These maps identified and showed the future patterns of 
urban growth, which is likely to occur around the existing built-up area, near roadways and international airport, particularly in the 
central, west and east directions. 

3.6. Statistical validation of logistic regression model 

The ROC technique is excellent for validating the LRM that predicts the occurrence of a class by comparing the actual image with 
the predicted probability maps. It computes the percentage of false positive and true positive for a set of thresholds. The ROC technique 
calculates the area under the curve, which fluctuates between 0.5 and 1. A value of 0.5 shows that the probabilities are assigned at 
random, that predicting agreement is due to chance, and that a value of 1 implies presence of perfect probability assignment of perfect 
fit. The LRM validation of this study has been carried out through comparing simulated urban growth and actual urban growth maps 
from 1984 to 1994, 1994–2009 and 2009–2029 using stratified sampling of 5000 cells in the two maps. The ROC values of the BLRM 
were 0.85, 0.90 and 0.93 for the urban growth periods of 1984–194, 1994–2009 and 2009–2019, respectively. Based on the results, 

Table 9 
ROC and PCP value for BLRM.  

Binary Variable Period ROC Accuracy PCP 

Urban growth (1) & 
Non urban growth (0) 

1984–1994 0.8558 85.58 % 96.72 % 
1994–2009 0.9082 90.82 % 98.46 % 
2009–2019 0.9391 93.91 % 98.51 %  

Table 10 
2 × 2 contingency table showing the number of gride cells in actual vs. predicted map.   

Actual Map Total 

Urban growth (1) No urban growth (0)  

Predicted probability map Urban expansion (1) A B A + B 
No urban expansion (0) C D C + D 

Total  A + C = 3, 501 B + D = 416, 477 A + B + C + D = 419, 978  
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Fig. 6. Urban growth probability maps for Bahir Dar city and its surroundings in A (1984–1994), B (1994–2009) and C (2009–2019), predicted by 
logistic regression model. 
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BLRM was an effective technique for the prediction of urban growth probability and analysis. The PCP values were also computed to 
validate the proposed model. These values have some variations in different urban growth periods. It was 96 % in the growth periods 
between 1984 and 1994, 98 % from 1994 to 2009 and 95 % from 2009 to 2019. This PCP value indicates that the model had a good 
predictive ability for urban growth in the specified period. Furthermore, the ROC and PCP values indicate the presence of high 
agreement between the predicted the actual maps. 

4. Discussion 

The study of urban growth, land use change and its influencing variables as well as projection of these landscape changes are 
fundamental tools for developing efficient management and allocation of resources and effective future change scenarios. This study 
illustrated how to estimate urban growth changes while using remote sensing and a geographic information system simultaneously. In 
order to collect information on the phenomenon of land cover changes in the examined area, remote sensing data were used. The 
acquisition of the necessary input data for the models was aided significantly using GIS. Bahir Dar’s expected urban growth, like that of 
cities of other developing nations, would be chaotic, resulting in the establishment of slum areas in crop lands, forests and other 
reserved green areas. The finding of this study explained the drivers of urban growth that affect urban growth processes to varying 
degrees, as detailed below. 

The results of this study indicated that urban built-up areas have increased in the period from 1984 to 1994 by 0.54 %. In other 
words, built –up area have increased by 113.62 ha (11.3 ha/year). However, cropland and forest have been declined by 5.8 % or 
1248.26 ha (124.83 ha/year) and 0.8 % or 170.1 ha (17 ha/year) in the same study period. In the second study period (1994–2009), 
built-up surfaces have increased by 6.61 %. In other words, built-up area have increased by 1410.53 ha (94.3 ha/year). In contrast to 
this, crop land and forest have been declined 1.8 % (372.05) and 0.8 % (4.83 ha) in the same study period. The figures in this study 
period indicates that crop land and forest have been decreased by 24.48 ha/year and 0.32 ha/year. In the period 2009–2019, built-up 
surfaces of Bahir Dar city have increased by 3.6 % (761.89 ha). Whereas, crop land and forest have been declined by 3.6 % (372.05 ha) 
and 1.9 % (409.29 ha) in the same study period. In this study period, built-up areas have increased by 76.2 ha/year, while crop and 
forest have been decreased by 76.46 ha/year and 40.93 ha/year, respectively. In the past 35 years (1984–2019), built-up areas have 
been increased by 2286.04 (11 %), but crop land forest areas have been declined by 2384.92 (11.17 %) and 574.56 (2.69 %). In other 
words, built-up have been increased at the expanse other land use classes by 65.32 ha/year. However, crop land and forest areas have 
been decreased by 68.14 ha/year and 16.42 ha/year in the past 35 years. 

Studies on urban growth and land is change have been carried out by various researchers in different cities around the world. For 
instance Ref. [82], have conducted a study on urban sprawl and its impact on land use change in central Ethiopia, Dukem town. This 
study reported that the built up surface of Dukem occupied only 648.7 ha of total area. the other study carried out by Ref. [83] on 
dynamics of urban expansion and land cover change in Northern Ethiopia, Mekele city and indicated that built-up areas have been 
increased annually by an average of 8 % in past three decades (1984–2014) [82].also conducted research on urban growth and land use 
change in the capital city of Ethiopia, Addis Ababa. Based on the results of this study built-up areas of Addis Ababa has been increased 
by 2.27 km2/year from 1990 to 2020. Agriculture and forest has been converted to built-up area at fastest rate during this period. 
However, Bahir Dar city has been growing in fastest rate as compared to other cities of Ethiopia like Mekele, Jigjiga, Hawassa, Jimma 
and even Addis Ababa, Capital city of the country. Studies were also conducted in cities of other developing countries. For example 
[82],conducted study on urban land use change and peri – urban land patterns in Takoradi and Bolgatanga, Ghana. The study reveals 
that urban areas have been increased by 7.1 % in Takoradi and 1.1 % in Bol-gatanga between 2007 and 2013. The study demonstrated 
this growth rate of two districts of Ghana, West Africa as fastest urban growth. However, this growth rate is not faster than the growth 
rates observed in Bhir Dar city and other Ethiopian towns and cities. The other study carried out in Africa was conducted by Ref. [82] 
on land use land cover change in Blatyre city, Malawi and reported that built-up areas have been increased by 1.43 km2 in the past 20 
years from 1999 to 2019. Study conducted in Dar es Salaam city, Tazania by Ref. [82]on analysis of current and future land cover 
change. The findings of this study reveal that built-up areas have been increased by 8.1 % in the past two decades from 1999 to 2019 
and forest has been declined by 4.8 %, due to rapid urban growth. The other researcher Rahimi, (2016) carried out study on urban 
growth changes modeling in Tabrize, Iran. The results of this study indicated that built up areas have been increased in fastest rate i. e 
8.5 % (4860.217 ha) from 1989 to 2021. Though urban growth against other land use classes such as forest and crop land is common 
phenomenon in developing countries, the growth rate of Bahir Dar city has been increased at fastest rate. 

In the period 1984–1994, Dis. to forest land, Dis. to CBD, aspect, dis. to water body and Dis. to international airport has odds ratio of 
14.37, 14.37, 4, 3.54 and 3.13, which indicates that these variables had a higher influence on urban growth processes than others. The 
remaining variables include Dis. to existing built-up land, Dis. to main road and slope were significant enough to affect urban growth 
processes with odds ratio of 1.09, 1.43 and 1.38. However, elevation had an odds ratio of 0.78, which is not significant enough in 
affecting urban growth processes during this period. Study conducted by Ref. [84] indicated that Dis. to main road has a lesser effect on 
urban growth in Greater Cairo Region, Egypt, which is not similar with the results of this study and other similar studies such as [67,85, 
86]. Based on study conducted by Ref. [87] demonstrated that the main factors affecting urban growth using logistic regression in New 
Castle County are population density, slope, proximity to roads, and surrounding land use with high odds ratio greater than 1 [87]. also 
conducted study on spatio-temporal urban growth modeling using binary logistic regression and GIS in Colombo urban fringe, Sri 
Lanka. This study identified three main factors influencing urban growth like land value, proximity to green areas, and population 
density in the study area. 

From 1994 to 2009, all the factors incorporated in the model, except Dis. to water body, had odds ratio>1. This indicates the factors 
had a great influence on the processes of urban growth during the specified period. Distance to forest land, Dis. to CBD, and Dis. to 
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Bahir Dar international airport had high influence than others with odds ratio 515, 109 and 25.73. the other factors such as Dis. to main 
road, slope, aspect, elevation and Dis. to exiting built-up land also had a significant influence on urban growth processes with odds 
ratio of 1.18, 1.73, 1.34, 1.28 and 1.08. These results are similar with the previous studies conducted in similar cases in different study 
areas [87–89] conducted study on spatio-temporal dynamics and driving factors analysis of urban growth in Zhuhai city, China. The 
findings of this study indicated that elevation, slope, distance from built-up land and growth rate of built-up land are important factors 
influencing the spatio-teporal variation and transformation of land use land cover from 1991 to 2018 in the study area [87]. also tried 
to investigate the urban growth patterns of Ahvaz, Iran 1991–2000 using GIS and logistic regression. The factors influencing urban 
growth in Ahvaz are distance to the bridge, rural Areas, planned town and industry activities (all with odds ratios<1_or coefficient <0); 
and number of urban cells within a 5⋅5 cell window, distance to the hospitals, main road, high road, rail Line, river, CBD and secondary 
centers, agriculture areas and vacant areas. The present study from the period 1994–2009 indicates Dis. to river is not influencing 
urban growth of Bahir Dar, but the study conducted by Ghalehnoee in Iran reported that Dis. to water body was influencing urban 
growth. 

The last but not the least urban growth period (2009–2019), Dis. to CBD, Dis. to international airport and Dis. to water body were 
more influential factors that affect urban growth processes with odds ratio 320.89, 30.97 and 3.29. The other factors like Dis. to forest 
land, Dis. to existing built-up land, Dis. to main road, slope, aspect and elevation had odds ratio of 1.23, 1.25, 1.33, 1.82, 2.20 and 1.33. 
All the explanatory variables incorporated in the model had odds ratio>1. This reveals that all the factors used in the model signif-
icantly influenced urban growth processes during this period. According to Ref. [87], Dis. to water body and Dis. to existing urban area 
are less influential factors for urban growth. In contrary to this, Dis. to main road was the main driving forces of urban growth as stated 
by the same study. The other study conducted on driving factors of urban growth indicated that Dis. to main road and Dis. to inter-
national airport were the main driving factors of urban growth [41]. Study conducted on urban growth modeling by Ref. [87] in Irbid 
city, North Jordan identified factors influencing urban growth. Findings in this study indicated that the main factors influencing the 
spatiotemporal urban distribution in the study area are slope, distance to road, distance to urban centers, distance to commercial, 
density, elevation, and land fertility with odds ratio greater than 1. This study better describes and identifies the factors of urban 
growth compared to other previous studies that gave emphasis only for few proximity and physical factors. Gharaibeh et al. (2020) also 
carriedout study on application of binary logistic regression model on analysis of urban growth factors in Limbe, Cameroon from 1986 
to 2019 and the study reported that built-up areas has been increased from 3.6 % in 1986 to 17.6 % in 2019. The factors influencing 
urban growth in this city during the study area are Dis. to urban areas, Dis. to main road, Dis. to agriculture and Dis. to river. The other 
study conducted on spatiotemporal analysis of urban land use change in West Bengal, India also reported that Dis. to the nearby city 
and population density as main factors of urban growth in the study area. 

In general, Dis. to the main road, Dis. to CBD and Dis. to international airport were the main factors of urban growth in Bahir Dar in 
all study periods. Despite BLRM’s ability to include a large number of variables in the analysis, some critical aspects such as gov-
ernment policy issues, economic factors such as GDP and demographic factors like population density cannot be included in the model. 
This was due to absence of well-organized demographic, socio-economic and policy related data in developing countries especially in 
the study area, Bahir Dar city, Ethiopia. This study tried to identify various physical and proximity factors influencing the spatio- 
temporal distribution and growth in the study areas. Furthermore, the study has tried to assess the land use land cover change and 
urban growth from 1984 to 2019 in Bahir Dar. This makes the study different from other previous researches which gave only for short 
time period and few factors influencing the study. The results of this study can help the policy makers, researchers and decision makers 
to give precise and efficient as well as effective policies and decisions. Because it provides necessary information related to driving 
factors of urban growth and trends of urban growth in Bahir Dar. Hence land is the most important resource in Africa as well as 
Ethiopia, it needs effective policy and planning for sustainable management of this resources. This study also gives detail and critical 
analysis of factors of urban growth using quantitative ways, binary logistic regression, which is different from m previous studies 
conducted in the study area Bahir Dar city as well as in Ethiopia. 

5. Conclusion 

This study identified nine significant factors affecting spatial distribution of urban growth in Bahir Dar and its surroundings and 
analyzed their influence on urban growth processes using BLRM. Accordingly, Dis. to CBD, Dis. to international airport, aspect and Dis. 
to forest land were the most significant driving factors than others based on their odds ratio during the last ten years (1984–1994). In 
the same way, Dis. to CBD, Dis. to forest land and Dis. to international airport were the main significant driving factors in the period 
1994–2009. In the period 2009–2019, Dis. to CBD, Dis. to water body and Dis. to internal airport were more significant explanatory 
variables which had high influence on urban growth processes in Bahir Dar city. The ROC value was used to examine the accuracy of 
the model for the probability of urban growth, which indicated the model is valid. 

The findings of this study can be applicable not only to Bahir Dar city but also other cities of developing nations including Ethiopia. 
The study examined and identified the primary factors that influence urban growth processes that would be regulated via the 
development of appropriate laws and regulations. This study recommends the integration of BLRM with Cellular automata to over-
come the limitations of BLRM in studying spatiotemporal dynamics of urban growth. In this study socio –economic factors such as GDP 
and population density was initially identified as driving factors of urban growth. However, adequate, quality and time series data for 
these socio – economic factors was not available from the concerned office. So, these factors were rejected from further analysis and not 
incorporated in the present study. This is the other limitation of this study. The study also used Landsat satellite images with medium 
resolution (30 m) instead of high resolution images. High resolution images are preferable to obtain more quality results. However, due 
to lack of access to these high resolution images, this study was done using medium resolution satellite images. So, the study 
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recommends to future potential researchers to use high resolution images to further improve the quality of the results for the same 
study. Further research should be addressing the role of government policy, GDP and population density in the urban growth processes 
of Bahir Dar. 
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