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Abstract: A large part of the population in low-income countries (LICs) lives in fragile and
conflict-affected states. Many cities in these states show high growth dynamics, but little is known
about the relation of conflicts and urban growth. In Afghanistan, the Taliban regime, which lasted from
1996 to 2001, caused large scale displacement of the population. People from Afghanistan migrated
to neighboring countries like Iran and Pakistan, and all developments came to a halt. After the
US invasion in October 2001, all the major cities in Afghanistan experienced significant population
growth, in particular, driven by the influx of internally displaced persons. Maximum pressure of
this influx was felt by the capital city, Kabul. This rapid urbanization, combined with very limited
capacity of local authorities to deal with this growth, led to unplanned urbanization and challenges
for urban planning and management. This study analyses the patterns of growth between 2001 and
2017, and the factors influencing the growth in the city of Kabul with the help of high-resolution
Earth Observation-based data (EO) and spatial logistic regression modelling. We analyze settlement
patterns by extracting image features from high-resolution images (aerial photographs of 2017) and
terrain features as input to a random forest classifier. The urban growth is analyzed using an available
built-up map (extracted from IKONOS images for the year 2001). Results indicate that unplanned
settlements have grown 4.5 times during this period, whereas planned settlements have grown only
1.25 times. The unplanned settlements expanded mostly towards the west and north west parts of
the city, and the growth of planned settlements happened mainly in the central and eastern parts
of the city. Population density and the locations of military bases are the most important factors
that influence the growth, of both planned and unplanned settlements. The growth of unplanned
settlement occurs predominantly in areas of steeper slopes on the hillside, while planned settlements
are on gentle slopes and closer to the institutional areas (central and eastern parts of the city).
We conclude that security and availability of infrastructure were the main drivers of growth for
planned settlements, whereas unplanned growth, mainly on hillsides, was driven by the availability
of land with poor infrastructure.

Keywords: random forest classification; machine learning; spatial logistic regression; urban growth;
urban growth model; conflict; GLCM; unplanned areas; informal areas

1. Introduction

Rapid urbanization of cities is a universal trend, posing problems and challenges, which need to
be addressed by urban planners. The growth of population has forced the growth of urban centres,
which has led to problems like demand for housing, jobs, infrastructure and other essential services,
along with environmental degradation. This phenomenon needs to be mapped for predicting future
growth patterns and requirements for land use planning [1]. Evaluation of the driving factors like
socio-economic, utility services, population, environmental factors (slope, natural hazard) and land use
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zoning, which are responsible for the expansion, is needed to understand past trends and to predict
future patterns [2]. However, in many rapidly growing cities in low and middle-income countries
(LMICs), such information is not readily available, due to the unplanned nature of the growth and a lack
of updated spatial and non-spatial datasets [3]. As part of LMICs, cities in conflict zones are in particular
impacted by the interplay of rapid urbanization, mostly in the form of unplanned development, and the
absence of data to monitor and guide urban development. Examples of such cases are the cities of
Afghanistan. Afghanistan is experiencing unprecedented urban expansion, like many other countries
in the region. The Ministry of Urban development and land (MoUDL) has predicted that Afghanistan’s
urbanization rate will double by 2030 [4]. Most of this urbanization is concentrated in the capital city,
Kabul. The growth in population due to a large number of returnees and internally displaced people
has led to massive unplanned growth of the city. An official survey [5] indicated that up to 93% of
urban households live in conditions of physical and environmental deprivation, which emphasizes the
need to upgrade urban centers across the country.

Historically, many models have been applied to study urban dynamics. Some of these models
include Von Thunen’s land use model and urban growth theory, which explains how the market
forces control the spatial distribution of land use and urban growth. In 1926, Burgess proposed the
concentric zone theory, while in 1933 Walter Christaller proposed the central place theory, the sector
theory, the multiple nuclei theory and finally the bid rent theory [2]. In recent years, advanced spatial
modelling techniques have been increasingly combined with EO, in particular machine learning and
statistical techniques, to understand and explain the urban environment [3]. These models have been
applied to many cities to analyze patterns of urban growth, and the factors influencing this growth [6].
There are two main advantages of using machine learning-based methods. Firstly, machine learning
models train on its own from historical datasets and are able to map the dynamics, and secondly,
different image features can be incorporated as part of the machine learning, and, thus, they optimize
decisions based on training data [1].

There are several machine learning algorithms, which can be used to analyze urban growth
patterns using remotely sensed data. In general, such algorithms (e.g., support vector machine,
decision tree and random forest) allow obtaining highly accurate classification results with limited field
observations [6]. Such classification results are commonly used as input for urban growth models [7].
Historical data and urban growth models equip urban planners to make a prediction on how the cities
would look like in the future. Machine learning approaches have been combining textural, spectral and
structural features, with studies confirming the robust performance of the random forest classifier (RFC)
for general land-cover mapping and for extracting slums [8]. For example, Ref. [9] compared a random
forest classifier with a simple decision tree classifier for a complex heterogeneous land-cover area.
The study concluded that random forest performs well in differentiating different categories of areas.
Object-oriented classification methods are gaining popularity as compared to pixel-based classification,
as they are well suited for urban growth modelling studies [6]. To delineate the boundaries of urban
settlements, pixel-based approaches and high-resolution images cannot represent the heterogeneity of
complex urban environments [2]. A recent study [1] combined dynamic urban variables like population
distribution with binary urban footprints and multi-class urban footprints to develop an urban growth
framework. According to the authors, a data-driven urban growth framework needs to be simple and
flexible, allowing additional variables to be added to make it robust. Their results indicated that the
framework could be applied to any city in the world by using the GHSL and the LANDSAT dataset.

Many studies exist that analyzed the urban growth and drivers of urban growth. For example,
Ref. [10] modelled urban expansion based on vector features to find the relationship between urban
growth and biophysical and socio-economic factors as independent variables. The result shows that the
model simulates well in a small area. Commonly, logistic regression modelling is applied to identify
drivers of urban growth. For example, in a study on Kigali, Rwanda [7] logistic regression was used to
analyse the spatio-temporal growth of Kigali city. The drivers of growth were identified, and three
scenarios of growth for the future patterns for a period of 26 years are predicted using expansion
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(normal growth) and two densification scenarios (zoning implications). It was concluded that the
neighborhood factor was the most important factor for urban growth. Another study [11] used a
spatial logistic regression (SLR) model to understand the different types of urban growth and to predict
future growth. The study constructed three binary SLR models, the overall urban growth model,
the infill growth model and the expansion model. The study concluded that, though the SLR based
urban growth models have certain limitations, they are suitable for studying the structural effects of
determinants on the landscape and to understand their relative importance. Spatial metrics are used
for land cover change analysis to study the expansion of Pune metropolis [12], and to understand the
spatio-temporal dynamics of urban expansion using remote sensing data. The study, using metrics
like patch shape, edge, diversity, etc., concluded that urban expansion metrics are useful tools to
study urban growth. The result revealed that urban expansion rate and pattern vary across the study
area, due to different government policies. To identify factors that influence spatial patterns of urban
expansion in Africa, boosted regression tree models were developed to predict spatial patterns of
rural-urban conversion in large African cities [13].

The factors influencing urban expansion in all major cities in the world vary for different time
periods in different geographical regions. Major groups of factors driving urban expansion have
been summarized by [14] as biophysical constraints and potentials, economic factors, social factors,
spatial interaction and neighbourhood characteristics and spatial policies and their effectiveness.
It becomes crucial to understand the factors responsible for urban growth to mitigate the adverse
impacts of such expansion. For example, in Beijing, the urban expansion from 1972 to 2010, was detected
from multi-temporal images for four time periods using a binary logistic regression model [15]. In a
study on western Tarai region in Nepal [16], historical land-use and land-cover (LULC) transformations
are examined from 1989 to 2016 to predict future urban expansion trends for 2026 and 2036. The study
used bio-physical factors applying the artificial neural network—Markov chain—to model the LULC
transition. Distance-based variables were created for the model; the results showed that distance to
road, distance to built-up areas, distance to cultivated land were the main drivers of urban growth.
The other factor that also impacted the growth was elevation.

In Afghanistan, various factors have affected the urban development during different time periods
and make it an interesting study. From early 1970 to 1989, the urbanization in Afghanistan was
mainly governed by social and political factors like unstable governments, safety and security and
government spending on public services. The first master plan for Kabul city was created in 1964 by
the Soviet government under an agreement with the Afghan government. The first achievement of
the master plan was a housing project completed with funds from the Soviet government. The third
master plan was finalized in 1978, which is still in place and caters for a population of 2 million
and any development outside the plan boundaries is treated as violation of the plan. The present
population has more than doubled than the planned figure (Figure 1). After the Soviet invasion in 1979,
large migration took place from rural areas to the city of Herat and Jalalabad, and to the neighboring
countries of Pakistan and Iran. The civil war from 1992 to 1996 had a violent impact in the city of
Kabul, which led to the fleeing of 100,000 residents and destruction of more than 60% of private houses
and other urban infrastructure and social systems like education, medical and other services [17].
During the subsequent Taliban regime, urban development came to a standstill due to lack of funds [4].
As can be seen from the historical background, Kabul has seen emigration and immigration through
various stages of its history that have been the main drivers of urban expansion and its pace.

Most urban models have been applied in areas under normal conditions, while there are very
few studies that focus on urban growth dynamics in the context of a conflict zone. An exception is a
study on the urban development in Kabul City, Afghanistan [18]. Here, the relationship of factors like
population growth, migration and economic growth with expansion of urban land has been explored.
The study uses the Kabul land use master plan of different vintages, satellite data, population census,
economic development report and natural environment and social development report. However,
factors specific to a conflict zone have not been considered in this research or any past research. In our
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study, we analyze the patterns of urban growth in Kabul by including and analyzing factors specific
to conflict zones. This research makes use of multi-temporal data and machine learning to map the
growth and analyze the importance of factors that drive urban growth, including those specific to a
conflict zone. Thus, the main aim of the study is to analyze the patterns of urban growth in a conflict
zone using multi-temporal EO-based data.Remote Sens. 2020, 12, x FOR PEER REVIEW 4 of 22 
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2. Materials and Methods

2.1. The Study Area

Afghanistan, as an example of a conflict zone, has experienced unprecedented growth in urban
population. After the US invasion in October 2001 when the US and allied forces drove the Taliban
out of power, all the major cities in Afghanistan have experienced significant population growth [16].
Most cities are experiencing an influx of returned refugees and internally displaced persons. Afghanistan
is also one of the poorest countries in the world in terms of human development [19]. This rapid
urbanization, combined with a very limited capacity of local authorities to deal with this growth,
leads to an increase in poor and vulnerable populations, which poses a challenge in urban planning
and management.

The city of Kabul, capital and largest city of Afghanistan is located in the eastern part of the
country at 34◦ 32′ 38.0256” N and 69◦ 9′ 38.3472” E, and at an elevation of 1798 m above sea level. Kabul
is also a municipality forming a part of the Kabul Province. Kabul city is divided into 22 districts called
“Nahiyas”. Figure 2 shows the geographical location of the city. Kabul is the fifth fastest-growing city
in the world; its population has grown from about 1.5 million in 2001 to around 5 million people in
2015. The rapid urbanization has not been able to keep up with the demands of the growing population
in a city, which was originally designed for around 700,000 people. This caused about 70% of the
inhabitants of Kabul to live in informal areas, which have been developed without formal planning [20].
The total built-up area of Kabul city region is 40,143 ha, out of which 17,335 ha is for residential use
and 1006 ha for commercial use [21]. The primary factor and the driving force behind the urban land
expansion of the city is economic growth [17].
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2.2. Data Sources and Overview of the Methodology

To analyze urban dynamics between the periods 2001 (start of the conflict “operation enduring
freedom”) to 2017, efforts were made to acquire imagery prior to October 2001. However, there are no
high-resolution imageries available within the various organizations in Kabul. Therefore, the standard
30 m resolution product of the Global Human Settlement Layer (GHSL) for the year 2014 was
acquired and assessed [22]. However, we observed that the GHSL was not suitable because most of
the built-up areas have not been captured in the layer (Figure 3). Some of the unplanned built-up
area has also not been captured in the GHSL layer as can be seen in the enlarged image marked
in Figure 4. Consequently, built-up data for the year 2001 was extracted from IKONOS imagery
(1 m resolution) by JRC (Joint Research Centre, Italy) using MASADA software, which was developed
for generating the Global Human Settlement Layer. Aerial photographs with a sub-meter resolution
for the year 2017 were acquired from CRIDA (Capital Region Independent Development Authority)
(https://www.crida.gov.af/en). Aerial photographs for the year 2017 were processed to analyze patterns
of growth in the city in a span ranging from 2001 to 2017.

https://www.crida.gov.af/en
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Figure 4. Global Human Settlement Layer (GHSL) of 2014 overlaid on ESRI world imagery showing
settlements not captured by Global Human Settlement Layer (Data Source: https://ghsl.jrc.ec.europa.
eu/datasets.php).

The data pre-processing of the aerial photographs required resampling, mosaicking and producing
a subset of the scenes on the basis of the extent of the study area, which is the city of Kabul,
covering an area of 1023 km2. Since the aerial photographs consisted of noise, one of the important
steps in pre-processing involved removing the noise from the aerial photograph. The noise in the
aerial photographs consisted of pixels with no values, which is corrected using masking operations.
Aerial photographs are classified using the random forest algorithm.

https://ghsl.jrc.ec.europa.eu/datasets.php
https://ghsl.jrc.ec.europa.eu/datasets.php
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Using as input the built-up layer extracted from the IKONOS imagery of 2001 and the land
cover/use map of 2017, spatial logistic regression is used for identifying factors impacting the growth
patterns. The data is acquired from various secondary sources. The data was collected from different
sources in Kabul, government publications and data provided by JRC (built-up layer extracted from
IKONOS imagery of 1 m resolution). The imageries procured from CRIDA were of poor radiometric
quality, the best imagery was chosen for further processing. The changes in the planned and unplanned
settlements are analyzed using high-resolution aerial photograph provided by CRIDA and built-up
layer provided by JRC were used for processing. The flowchart (Figure 5) shows the process followed.
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2.3. Classification and Urban Growth Modelling

Aerial photographs for the year 2017 and the IKONOS built-up layer (2001) are of different
spatial resolution, therefore, pre-processing of the data involved resampling the aerial photograph to a
resolution of 1 m and mosaicking the scenes that cover the extent of the study area. The photograph
for the year 2017 consisted of noise and had pixels with no value, which is resolved by applying
masking operation.

There are two main categories of classes the built-up and non-built-up. Built-up are further
classified as planned and unplanned. The classes were on the basis of delineated boundaries of planned
and unplanned provided by CRIDA (Capital Region Independent Development Authority) as shape file.
In general, there are mainly detached houses and very few high-rise buildings. Since early 2000, a few
housing complexes have been built, and a few more are underway to cater for the growing population
of Kabul. These housing complexes are mostly located at the outskirts of the city. All the hillside
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settlements built on slopes are unplanned. However, the construction of the unplanned settlements
is similar to the planned settlements. The only defining feature for the unplanned settlement is
the lanes (less than 5 m) separating the buildings, which are much narrower than the lanes in the
planned settlements.

2.3.1. Image Classification

The commonly used machine learning algorithms used for classification are support vector machine
(SVM), neural network and random forest. Support vector machines (SVMs) have been applied in a
number of research papers and have been compared with other machine learning algorithms for their
performance in land use classification. The aim of SVM classification is to find best linear separation
that separates the samples of two classes by minimizing training errors. In case of computational
requirements, SVMs work well with small data sets with fewer outliers [23]. Another machine
learning algorithm, that has been widely applied for land use classification is deep learning methods.
Convolutional neural network (CNN) fall in the class of deep learning that also refers to artificial neural
network, which is group of techniques facilitating the learning, retrieval and analysis of information
(patterns and data representations) that are deeply hidden in the input data. Deep learning algorithms
work well with relatively large datasets with supporting infrastructure to train them in reasonable
time [24]. Random forest is chosen for the image classification as it is computationally efficient and
can handle a large number of features without affecting the overall accuracy of the classification.
It can also handle large datasets efficiently. Another advantage of random forest is its capability to
determine the importance of variables in classification. It is robust and accurate to outliers and noise.
Random forest can be used for both regression and classification. The concept is based on growing an
ensemble of decision trees and letting them vote for the most popular class on the basis of a set of rules.
An example of an ensemble of decision trees is bagging introduced by Leo Breiman in 1996 [25], where,
to grow each tree, a random selection is made from examples in training sets. Bagging predictors is
a method of generating multiple versions of predictors and using them to generate an aggregated
predictor. Multiple versions are formed by making bootstrap copies of training sets and using these as
new training sets. The bagging concept gives an improvement in accuracy of classification/regression.
The image features used for the classification (spectral, texture and structural) are shown in Table 1.

Table 1. List of image features included in the random forest classification (adapted from [20]).

Image Feature Description Variable Type

Spectral features
Spectral features provide

information regarding the spectral
response of objects, which differ

for land coverage types, states of
vegetation, soil composition,

building materials.

VARI (Visible Atmospherically Resistant Index),
(Green—Red)/(Green + Red-Blue)

rgNDVI (red green Normalize Difference
Vegetation Index), (Red—Green)/(Red + Green)

rbNDVI (red blue Normalize Difference
Vegetation Index, (Red—Blue)/(Red + Blue)

Texture features

Textural features characterize the
spatial distribution of intensity

values of an image and provide
information about contrast,

uniformity, rugosity, etc.

GLCM (grey level co-occurrence matrix)

Structural features

These features provide
information regarding the spatial
arrangement of elements in terms
of the randomness or regularity of

their distribution.

Edge detection filter

Feature extraction inacludes Grey Level Co-occurrence Matrix (GLCM), red green Normalize
Difference Vegetation Index (rgNDVI), red blue Normalize Difference Vegetation Index (rbNDVI),
Visible Atmospherically Resistant Index (VARI), Laplacian edge detection filter. DEM (digital elevation
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model) and slope are additional geospatial features used as image features. There are in total of
35 images features, which are selected to be included in the random forest classification of the study
area. The parameters defined for the GLCM texture feature extraction are: (1) processing window
size of 3 * 3, as the resolution of the photographs was 1 m the window size is best suited; (2) grey
quantization levels set to 64; and (3) a co-occurrence shift of 1. The texture computed are mean,
variance, homogeneity, contrast, dissimilarity, entropy, second moment and correlation.

2.3.2. Collection of Training Samples

The training samples are collected using visual interpretation and an equal number of samples
are collected for each class (with a minimum point spacing of 5 m). As a proportion of the full image to
be analysed the number of training samples would represent less than 1% to 5% [26]. For accuracy
assessment, an adequate number of reference samples for each class are collected from high-resolution
aerial photographs. According to [26], the rule-of-thumb of a minimum of 50 samples per class
should be collected for a satisfactory confusion matrix. The number of training samples collected was
600 samples for each of the seven classes shown in Figure 6. Reference samples are collected from a
high-resolution aerial photograph from the year 2016. For each class, 50 samples were collected to
check the accuracy of the classification.

2.3.3. Spatial Logistic Regression

There are several statistical analysis techniques like multiple regression, linear regression, log linear
and logistic regression. Compared with multiple regression and log-linear regression, which analyze
data where both independent and dependent variables are numerical, logistic regression is appropriate
in estimating binary dependent variables. Urban growth phenomenon is a complex phenomenon,
which does not usually follow normal assumptions. Its factors are mostly a mixture of continuous
and categorical variables [27]. Logistic regression model can be used to analyze driving forces having
spatial characteristics and can interpret the influence of the driving factors. Logistic regression models
allow for incorporating socio-economic variables with other spatial variables. Therefore, in the present
study, binary logistic regression was performed for analyzing the factors influencing the patterns of
urban growth in a city under conflict. The classified image and the IKONOS built-up layer was used to
extract the change. There are five dimensions of independent variables, which are considered for the
logistic regression. Different independent variables that were used for the spatial logistic regression
are shown in Table 2.

The above factors are considered keeping in mind the conflict situation in the country and the
growth of the population from 2001 to 2017. Population density for 22 districts in the study area is
shown in Figure 7. These factors are specific to the city of Kabul. A survey was conducted using
SurveyMonkey, and responses from experts from the ministry and development authority were
obtained to gather local knowledge to understand the factors that are influencing the growth of Kabul
city. The primary data was also collected through interview and discussions with CRIDA officials.
The socio-economic factors and the conflict factors are vulnerable locations since these locations have
been attacked and have a probability of being attacked in the future. These vulnerable locations are
embassies, ministries, mosques, educational institutions, hospitals, hotels and restaurants. All these
factors are mostly centrally located and therefore have high locational similarity.
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Table 2. List of factors influencing patterns of urban growth.

Dimension Variables Data Source Data Type

Conflict

Vulnerable locations
(Embassies, Ministries,

hotels and commercial hubs) CRIDA and AGCHO
Vector layer derived from plotting

points of vulnerable locations,
bombed locations and army basesLocations of security basis

Socio-economic
and cultural

Location of Educational
Institutions, AGCHO

Layer with location of mosques,
Embassies/Ministries layer,

wedding hall and restaurants
layer, schools and hospital layer

Location of Hospitals

Accessibility
Accessibility to main roads

AGCHO
Road network layer,

schools, hospitals, mosque layer,
city centre layer

Accessibility to community
services (mosques,
schools, hospitals

Accessibility to city
centre (CBD)

Demographic Population density CSO Population layer

Physical Factors Slope CRIDA DEM layer
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3. Results

In Kabul city, it is more challenging to classify land cover/use as compared to other cities.
The challenges are due to the very little vegetation cover caused by its cold semi-arid climate,
the topography (areas of bare rocks and built-up are easily mixed) and the complex urban development
patterns. Therefore, the performance of standard image classification methods is lower as can be
observed in many global built-up and landcover products (see for example Figure 2). Therefore,
a first step was to assess the most important image features to produce a land cover/use map. One of
the outputs of the classification is the feature importance table, which measures the importance of
the features by calculating the increase in the model’s prediction error after permuting the features.
There are two measures of feature importance that can be used for image feature selection in random
forest classification.
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(a) Gini decrease (also refered to as the mean decrease in Gini coefficient): During the implementation
of random forest, predictor variable importance is calculated by using Gini importance, that is
used to determine the nodes of individual decision trees to generate mean decrease of impurity
(MDI) value, which is used to rank variables importance to the model. A higher mean decrease in
Gini indicates higher variable importance [28].

(b) Permutation importance (PIMP): The PIMP of a feature is computed as the average decrease in
model accuracy on the out of the bag samples when the values of respective features are randomly
permuted [28].

3.1. Classification

The classification was performed using all the 35 image features. As can be seen from the graphs
Figures 8 and 9, DEM (dDigital elevation model) and slope have high permutation importance and Gini
decrease values. In the category of texture features, the features with high permutation importance and
Gini decrease are GLCM second moment Band 2 and Band 1, GLCM mean Band 3. Among the spectral
feature VARI (Visible Atmospheric Resistance Index) has a high permutation importance and Gini
decrease. The original bands 1 and 3 of the aerial photographs have a high permutation importance
and Gini decrease. The output of the classification is shown in Figure 10.

Remote Sens. 2020, 12, x FOR PEER REVIEW 13 of 22 

 

b) Permutation importance (PIMP): The PIMP of a feature is computed as the average 
decrease in model accuracy on the out of the bag samples when the values of respective 
features are randomly permuted [28]. 

3.1. Classification 

The classification was performed using all the 35 image features. As can be seen from the graphs 
Figures 8 and 9, DEM (dDigital elevation model) and slope have high permutation importance and 
Gini decrease values. In the category of texture features, the features with high permutation 
importance and Gini decrease are GLCM second moment Band 2 and Band 1, GLCM mean Band 3. 
Among the spectral feature VARI (Visible Atmospheric Resistance Index) has a high permutation 
importance and Gini decrease. The original bands 1 and 3 of the aerial photographs have a high 
permutation importance and Gini decrease. The output of the classification is shown in Figure 10. 

 
Figure 8. Permutation Importance. 

 
Figure 9. Gini Decrease. 

Figure 8. Permutation Importance.

Remote Sens. 2020, 12, x FOR PEER REVIEW 13 of 22 

 

b) Permutation importance (PIMP): The PIMP of a feature is computed as the average 
decrease in model accuracy on the out of the bag samples when the values of respective 
features are randomly permuted [28]. 

3.1. Classification 

The classification was performed using all the 35 image features. As can be seen from the graphs 
Figures 8 and 9, DEM (dDigital elevation model) and slope have high permutation importance and 
Gini decrease values. In the category of texture features, the features with high permutation 
importance and Gini decrease are GLCM second moment Band 2 and Band 1, GLCM mean Band 3. 
Among the spectral feature VARI (Visible Atmospheric Resistance Index) has a high permutation 
importance and Gini decrease. The original bands 1 and 3 of the aerial photographs have a high 
permutation importance and Gini decrease. The output of the classification is shown in Figure 10. 

 
Figure 8. Permutation Importance. 

 
Figure 9. Gini Decrease. Figure 9. Gini Decrease.



Remote Sens. 2020, 12, 3662 13 of 21

Remote Sens. 2020, 12, x FOR PEER REVIEW 14 of 22 

 

 
Figure 10. Result of the classification of aerial photograph 2017. 

3.1.1. Accuracy Assessment 

The validation of the classification for the aerial photograph is based on the reference points 
collected for the five classes using high-resolution aerial photograph as the basis. The points are 
compared with the classification using the inbuilt confusion matrix (polygon/grid) in SAGA (System 
for Automated Geoscientific Analyses) GIS software [29]. 

The overall accuracy (seen in Table 3) of the land cover/use classification is 61%, that means 61% 
of the pixels were correctly assigned. This seems in general low, but reflects the complex urban 
morphology and the absence of a Near Infrared (NIR) band. Aggregating the classes to a binary 
classification, of built-up versus non-built-up moderate-high accuracy of 81% was achieved, as 
compared to standards built-up mapping products (e.g., the GHSL layer). 

Table 3. Summary of classification accuracy of the aerial photograph 2017. 

 

Land 
Cover/Use 

Classification 
(with 5 

Classes) 

Binary 
Classification 

Built-
Up/Non-
Built-Up 

Kappa 0.516 0.602 
Overall 

Accuracy 
0.613 0.811 

The individual class accuracy can be seen in Table 4. The lowest user accuracy is for planned 
settlement with an accuracy of 53% and unplanned settlement with an accuracy of 55%. The low 
accuracy for planned and unplanned settlements is due to the complexity of these two classes. The 
roof tops for both the planned and the unplanned settlement have similar construction and, therefore, 
have a similar texture. Highest accuracies are achieved for barren land in case of producer accuracy 
with 84% and for the class water with a user accuracy of 74%. 
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Accuracy Assessment

The validation of the classification for the aerial photograph is based on the reference points
collected for the five classes using high-resolution aerial photograph as the basis. The points are
compared with the classification using the inbuilt confusion matrix (polygon/grid) in SAGA (System for
Automated Geoscientific Analyses) GIS software [29].

The overall accuracy (seen in Table 3) of the land cover/use classification is 61%, that means 61% of
the pixels were correctly assigned. This seems in general low, but reflects the complex urban morphology
and the absence of a Near Infrared (NIR) band. Aggregating the classes to a binary classification,
of built-up versus non-built-up moderate-high accuracy of 81% was achieved, as compared to standards
built-up mapping products (e.g., the GHSL layer).

Table 3. Summary of classification accuracy of the aerial photograph 2017.

Land Cover/Use Classification
(with 5 Classes)

Binary Classification
Built-Up/Non-Built-Up

Kappa 0.516 0.602
Overall Accuracy 0.613 0.811

The individual class accuracy can be seen in Table 4. The lowest user accuracy is for planned
settlement with an accuracy of 53% and unplanned settlement with an accuracy of 55%. The low
accuracy for planned and unplanned settlements is due to the complexity of these two classes. The roof
tops for both the planned and the unplanned settlement have similar construction and, therefore,
have a similar texture. Highest accuracies are achieved for barren land in case of producer accuracy
with 84% and for the class water with a user accuracy of 74%.
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Table 4. User and producer accuracy for individual classes.

Class Unplanned Planned Vegetation Barren Land Water Total AccUser

Unplanned 8970 3146 1791 1130 1328 16,365 54.81
Planned 3869 6880 957 582 576 12,864 53.48

Vegetation 1330 3642 7842 250 589 13,653 57.43
Barren 959 971 3142 13,155 2035 20,262 64.92
Water 506 1015 1898 536 11,095 15,050 73.72

N 15,634 15,654 15,630 15,653 15,623
AccProd 57.37 43.95 50.17 84.04 71.01

To perform the logistic regression, the accuracy of the built-up layer extracted from IKONOS
was checked with the accuracy of the classification. The accuracy of the built-up layer extracted from
IKONOS is 75% for the three classes, i.e., built-up, non-built-up and water. The result for the overall
accuracy of three classes, the built-up, non-built-up and water, for the aerial photograph is also 75%,
as shown in Table 5.

Table 5. Accuracy result of the combined built-up, non-built and water class (2017).

Built Non-Built Water Total User Accuracy

Built 22,865 4460 1904 29,229 0.78
Non-built 6902 24,389 2624 33,915 0.72

Water 1521 2434 11,095 15,050 0.74
N 31,288 31,283 15,623 78,194

Producer Accuracy 0.73 0.78 0.71 Overall: 0.75

A comparison of the overall accuracy for three classes, i.e., built-up, non-built-up and water for
built-up layer from the Global Human Settlement Layer and the classification of the aerial photograph
of 2017 is shown in Table 6.

Table 6. Comparison of the overall accuracy of the built-up layer and the aerial photograph classification.

Built-Up Layer 2001 Aerial Photograph Classification 2017

Kappa 0.30 0.60
Overall Accuracy 0.75 0.75

3.2. Results of the Logistic Regression

To perform the logistic regression built-up layer of Kabul for the year 2001 at a resolution of 1 m is
extracted from IKONOS acquired from JRC. The planned and unplanned boundaries in the form of
shapefile are used to extract data for 2001. The two images are used to see the change in the built-up
areas from the year 2001 to 2017. The change in the settlements from 2001 to 2017 is mapped in the
form of a binary classification, i.e., what was built in 2001 is 0 with no data and all that was built after
2001 is 1 that is the change in the built-up from 2001 to 2017. The change in the built-up forms the
dependent variable (Figure 11).
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3.3. Amount and Patterns of Growth in Planned and Unplanned Settlements

The total built-up area calculated for the planned settlements in 2001 is 71 km2 and in 2017 is
94 km2. Thus, the growth in the planned settlements from 2001 to 2017 is 22 km2. Planned settlements
increased by 1.25 times from 2001 to 2017. The total built-up area calculated for unplanned settlements
in 2001 is 21 km2

, and in 2017 is 114 km2
, and the growth in unplanned settlements from 2001 to 2017 is

94 km2. The unplanned settlements have grown 4.5 times in the period from 2001 to 2017, as shown in
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Table 7. The tremendous growth in the unplanned settlement is peculiar to Kabul, being the capital of
Afghanistan compared to the other cities because of the largest presence of military bases, NATO base
and Afghan troops in the whole country, giving a feeling of security to the population apart from
economic opportunities in the city. As can be seen from Figure 11, unplanned growth is mainly on the
west, north west, south west and on the hillsides. The settlements on the hillside are all unplanned.
A large part of the planned growth is on central, east, north east and southern parts of the city. There is
some planned growth on the northeast. Therefore, from the results, it can be said that the unplanned
growth has occurred mainly in the western parts of the city, whereas, the planned growth is mainly
towards central and eastern parts of the city. Overall, it can be said that Kabul is a sprawling city
because of low rise and medium-density built-up. The increase in the unplanned sectors happened
through the conversion of large agricultural lands into built-up areas, as well as the conversion of land
on the steep slopes on the hills. Slope has been shown in Figure 12. These conversions drive the city
sprawl. Most of the houses in the unplanned settlements are separated dwellings and have a central
courtyard and similar building material, as found in the planned settlements, which is clearly visible
on the aerial photograph, making it difficult to distinguish the built-up types.

Table 7. Growth in the planned and unplanned settlements.

Urban Growth Built-Up 2001
(in km2)

Built-Up 2017
(in km2) Growth (in km2)

Growth (in %)
2001–2017

Planned
settlements 71 94 22 30

Unplanned
settlements 21 114 94 447

Total Built-up 92 208 116 126
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Two binary logistic regression models are performed for analysing the change in the built-up in
planned settlements, and on the change in the built-up on the unplanned settlement. The regression
models are used to study the importance of the predictor variables on the change in the built-up in the
planned and unplanned settlements. The list of variables is shown in Table 8.
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Table 8. List of variables for the logistic regression.

Variable Definition Unit Type of Variable

Dependent

Change in Built-up 0 no change in Built-up 1
Change in Built-up NA dichotomous

Independent
Major Roads Euclidean distance meters Continuous

Vulnerable Locations (Embassies and
Ministries, Hospitals, Hotels, Mosques and

Educational Institutions)
Euclidean distance meters Continuous

Military bases Euclidean distance meters Continuous
Population density Km2 Continuous

Slope degrees Continuous

The analysis of the regression model indicates that population density is the most significant
factors for the growth of both planned and unplanned settlements. In the case of unplanned settlements,
the slope is also one of the factors affecting the growth. It can be seen from the results that military
bases also have a significant impact on the growth.

4. Discussion

Urban growth is a phenomenon happening all over the world, but its dynamics in a conflict zone
like Kabul are not well studied. To study this phenomenon, a built-up layer of 1 m resolution for 2001
(i.e., the start of the conflict) was provided by JRC, and the aerial photograph for 2017 is classified
using the random forest classifier. The aerial photographs consisted of several scenes that had to be
mosaicked and were subset to the extent of the study area. The scenes were mosaicked without color
balancing and histogram matching to retain the raw pixel values. Random forest classification was
performed using 35 image features, which included terrain features, texture features, spectral features
and structural features. The features with high permutation importance and Gini decrease are the
terrain features DEM and slope, texture features GLCM second moment, mean, variance and contrast,
spectral feature the visible atmospheric resistance index and the original bands 1 and 3 of the aerial
photographs. The overall accuracy achieved for the classification (five land cover/use classes) is
61%. This reflects the difficulty to classify the built-up areas in Kabul, because of the similarities of
unplanned and planned settlements. The rooftops of the unplanned settlements and the planned
settlements are constructed of similar material and therefore have a similar texture. As a consequence,
the classification resulted in a lot of misclassified pixels. However, the main locational patterns of
unplanned and planned settlements are captured well, which was confirmed by local knowledge and
fieldwork conducted by the first author. The amount of growth in the planned settlements is 1.25 times
and in the unplanned settlements is 4.5 times from 2001 (since the start of the conflict) until 2017.
The tremendous growth in the unplanned settlements is mainly due to better security environment
and economic opportunities in the city. The growth in the unplanned settlement is towards the west
and north west parts of the city. On the other hand, the growth in the planned settlements is mainly
towards the central and eastern parts of the city. The complexity of the urban form made it difficult
to extract the built-up and non-built-up satisfactorily because of the lack of contrast in the classes.
It would be helpful to use a multispectral with an infrared band, where NDVI could be used to separate
vegetation from built-up [30]. Kabul is a sprawling city, both planned and unplanned settlements
are low rise and low density. The conversion of agricultural lands into built-up also makes the city
sprawl. Standard products like the global human settlement layer have serious problems, as can be
seen from Figure 3.

A lot of built-up areas have not been captured due to the spectral similarities between the built
and the non-built.
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The built-up layer for the year 2001 with 1 m resolution extracted from IKONOS is used to map the
change in planned and unplanned from 2001 to 2017. The accuracies of the classified aerial photograph
with three classes and the built-up layer extracted from IKONOS is comparable with 75% accuracies
for both maps. This helped in improving the regression model. The urban morphology of the city
of Kabul is complex; therefore, the availability of infra-red band for the year 2017 of an appropriate
resolution would have helped for a more accurate classification.

Historically political actors governed the growth of the city. The support of the Soviet government
led to urban growth, whereas during the Taliban period the population flowed out of the city and
though the government had plans in place, limited funds stunted the growth of the city. In the present
study, the factors influencing the growth are chosen keeping in mind the conflict situation in the country.
These factors also are chosen due to the topography of the Kabul city. The city of Kabul is a valley
surrounded by mountains and some hills in the center of the city, which has affected the growth and
development of the city. High population density is due to immigration of internally displaced migrants.
The heavy presence of international and national military establishments, leading to enhanced security
within the city, has also impacted the growth of the city. The factors included population density, slope,
military basis, road network and the locations that have been attacked in the past and have a high
probability of being attacked, which includes embassies, ministries, educational institutions, hospitals,
mosques, hotels and restaurants. The results of the regression show that the predictive accuracy for
the planned settlements is 72.3%, and the predictive accuracy of the unplanned settlements is 65%.
The major factors influencing the unplanned growth is population density and slope. The main factors
influencing the planned growth is population density and military bases. Thus, unplanned growth
is pushed towards the hazard-prone and less safe locations, in terms of natural hazards and human
conflicts, while the planned growth is found mostly at safer zones. This confirms, similar to recent
studies [31,32], that unplanned urban growth is more often found in higher-risk zones, as compared to
planned urban growth. The other factor leading to unplanned growth is the availability of government
land, which is illegally occupied, and agriculture land lying vacant due to the conflict in the region and
the mass emigration of the population. The existing infrastructure is damaged due to the conflict and
the unplanned development has no infrastructure since no proper development has taken place due to
the conflict. The government capacities are severely curtailed due to insurgency [33]. The Ministry of
Urban Development and Land, Afghanistan, Independent Directorate of Local Governance, along with
Kabul Municipality, are developing programs under National Urban policy and National Spatial
Strategy plans for Urban regeneration [34]. Most of the projects are entirely dependent on external aid,
for example, USAID, Asian Developmen Bank (ADB), United Nation (UN), the World Bank etc. It is
also important to understand that multiple drivers may be associated with urban expansion in major
cities of developed and developing countries. However, driving factors may differ in the different time
period. Internal and external conflicts are temporal factors of the urbanization.

Methods and data developed as part of this study can be utilized by government planning
departments to ensure that further development of the unplanned growth is limited and the existing
unplanned settlements could be facilitated with better infrastructure. The provision of data on
unplanned developments is highly relevant for the development authority (CRIDA) for the context
of the planning process for the new Kabul city project. Such data can form a base data for the
government, private developers, builder and the development authorities to plan future development
and redevelopment of the city.

5. Conclusions

In understanding urban growth and their drivers, Earth Observation (EO) has a major advantage
to cover areas which are inaccessible for ground survey due to difficul terrain or due to the conflict
situation. Urban planners in such cities face major challenges due to rapid change in urban dynamics
and often outdated or unavailable base data. In Kabul, the main factors influencing the unplanned
growth are population density and slope. The main factors influencing the planned growth is
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population density and military bases. There is a positive correlation between unplanned growth and
slope, indicating that there are unplanned settlements on steep slopes, which means that much of the
growth is happening in areas difficult to provide basic infrastructure. The expansion of unplanned
growth on the west is because of the availability of agricultural land, which is being converted into
built-up and towards the north east the steeper slopes are converted into unplanned settlements.
The central part of the city is planned and has higher built-up densities, compared to the other parts of
the city. The central and eastern parts of the city consist of ministries, embassies, hotels, guesthouses for
expatriates and government housing built by the Russians for the government employees. The eastern
parts of the city consist of international military bases, and, therefore, it is being developed by private
builders and the government for the provision of housing for the growing population. As can be
seen from the results, a major focus is given on security in the planned settlements, because of close
proximity to the military establishments and other international assistance institutions. The model is
successful in explaining the growth and the patterns of growth in the city of Kabul, which has absorbed
by now three times the population that existed in 2001.

Similar studies on urban growth can be carried out for other major cities of Afghanistan,
like Kandahar, Herat, Mazar and Jalalabad. Future projections can be made to assist the development
authority like CRIDA for the development of their master plan. Efforts can be made to get multi-spectral
data of earlier vintage to generate transition boundaries of land-use and land-cover for all such studies.
In general, every conflict area centers around major urban cities of that country. EO allows for an
understanding the factors affecting the growth, similarities and differences across cities. In many
conflict areas, cities have a high pace of growth, where differences and dynamics often link with the
security situation, population concentration/dispersal, type of terrain and availability of economic
resources. The study can be replicated in other conflict zones.
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