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Abstract: Kumasi is a nodal city and functions as the administrative and economic capital of the
Ashanti region in Ghana. Rapid urbanization has been experienced inducing the transformation of
various Land Use Land Cover (LULC) types into urban/built-up areas in Kumasi. This paper aims
at tracking spatio-temporal LULC changes utilizing Landsat imagery from 1986, 2013 and 2015 of
Kumasi. The unique contribution of this research is its focus on urban expansion analysis and the
utilization of Random Forest (RF) Classifier for satellite image classification. Change detection, ur-
ban land modelling and urban expansion in the sub-metropolitan zones, buffers, density decay
curve and correlation analysis were methodologies adopted for our study. The classifier yielded
better accuracy compared to earlier works in Ghana. The evaluation of LULC changes indicated that
urban/built-up areas are continually increasing at the expense of agricultural and forestlands. The
urban/built-up areas occupied 4622.49 hectares (ha) (23.78%), 13,447.50 ha (69.18%) and 14,004.60
ha (72.05%) in 1986, 2013 and 2015, respectively of the 19,438 ha area of Kumasi. Projection indicated
that urban/built-up areas will occupy 15,490 ha (79.70%) in 2025. The urban expansion was statisti-
cally significant. The results revealed the importance of spatial modeling for environmental man-
agement and city planning.

Keywords: urban/built-up areas; land use land cover; Kumasi; random forest classifier; urban ex-
pansion analysis

1. Introduction

According to [1], the population of the world is 7.7 billion and it is projected to rise
to 8.5 billion in 2030. It is also estimated that, of the extra 2 billion projected population
increase from 2019 to 2050, around 1.05 billion (52 per cent) might be added from sub-
Saharan African countries [2]. It has been forecasted that the urban settlers of Sub-Saharan
Africa will double between 2000 and 2030 [3]. In West Africa, urban/built-up areas with
more than 10,000 dwellers were only 152 in 1950 but rose to 1947 in 2010 [4].

Urbanization plays a major role in affecting human society [5]. It refers to the rise in
urban/built-up areas [6]. Rapid urban expansion is regarded as one of the most evident
anthropogenic drivers of environmental alterations. It has been earmarked as the key fac-
tor responsible for Land Use Land Cover Changes (LULCC) [7]. The non-urban areas are
converted to urban/built-up areas to cope with the demands of the growing populations.
Several decades of research in LULCC have revealed that Africa will suffer the most con-
sequences of the impacts of LULCC, especially the expansion of urban/built-up areas to
the detriment of other LULC types, for example, agricultural and forestlands [8,9].
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The urban population is the main problem connected to Africa’s rapid urbanization
into the natural environment [10]. This growth is partially due to an increase in urban
population, migration to the urbanized zones and the reclassification of rural zones as
urban [11]. Over recent decades, there have been extreme degrees of urban transitional
change in megacities in the tropics and subtropics [12].

Ghana’s urbanization process can be grouped under three phases, namely: Pre-Colo-
nial (before 1500), Colonial (1500-1956) and Post-Colonial phases (1957 to date) [13]. De-
spite generations of urban settlements in Ghana, urban life was not characteristic until the
middle ages. In the pre-colonial phase, most towns were established in Ghana for eco-
nomic reasons. A major highlight in the colonial stage was the skewedness of urban ex-
pansion. The colonial city Kumasi, for example, became a trade hub and also served ad-
ministrative purposes [14]. In the post-colonial phase, interventions and policies played a
vital part in the clustering of urban/built-up areas of Ghana [15]. The urban population of
Ghana was 50.9% in 2010 and it is projected to reach 70% in 2050 [16].

Kumasi had a population of 1,730,249 in 2010 which represented 36.2 per cent of its
regional population [17]. Urban expansion has been observed due to accelerated economic
development. There was a positive interrelationship between population increase and
economic activities [16]. There are large zones engaged in automobile repairs, small scale
machine manufacturing and trading activities in Kumasi [18]. It has an enormous popu-
lation growth with an annual growth rate of 5.2% from 1984 to 2000 and 5.4% from 2000
to 2010 [19]. Thus, it is one of the most densely populated cities in Ghana and has experi-
enced immense hectares of agricultural and forestlands disappearing [20]. Kumasi has
witnessed enormous growth in infrastructure. This intense growth has led to high de-
mand for lands for housing, manufacturing and trading purposes at the detriment of ag-
ricultural and forestlands. This phenomenon has led to unplanned and uncontrolled ur-
banization [21].

Remote Sensing imaging (ground, aerial and satellite) has been utilized to obtain land
classification maps for monitoring and analyzing LULC changes [22,23]. Satellite imagery
has contributed to studies on the spatial analysis of urban/built-up areas. These satellites
include Landsat Thematic Mapper (TM) and Operational Land Imager (OLI) [24-27].
Multi-temporal and multi-spectral spatial datasets have proven to be economical and ef-
ficient tools for quantifying, monitoring and predicting future land cover change [28,29].
Seminal literature has assessed LULC changes in Kumasi focusing on lost agricultural
lands, the extent of LULC and deforestation [20,30,31] and other works have concentrated
on the modeling of land use prediction in different cities in Ghana [30,31].

The emergence of potential LULC modeling tools has become a useful technique for
forecasting future scenarios of urban/built-up areas [30,31]. The prediction of urban ex-
pansion is vital for sustainable land utilization [32]. The Markov Chain was used to pre-
dict LULCC in New Juaben in Ghana in the work of [30]. The Multi-Layer Perception
(MLP) neural network and the Markov Chain were utilized to forecast LULC for the
Greater Accra Metropolitan Area in [31].

Initial work on Kumasi and other cities in Ghana including [20,31,33-38] utilized tra-
ditional classifiers for the classification of satellite imageries used in their researches.
Hence, it is imperative to improve on the extant literature from the methodological point
of view by utilizing the state of the art machine learning Random Forest (RF) classifier to
classify satellite images of Kumasi. Therefore, we hypothesize that the RF algorithm pro-
duces better classification results compared to previously used traditional classifiers for
the study area and other cities in Ghana.

Previous works in Kumasi focused on LULC changes [39], the depletion of urban
greenery [40,41]; deforestation and agricultural lands [20,42]; peri-urban trends in Kumasi
[43,44]; urbanization and climate [36,45]; and urbanization, land utilization and spatio-
environmental impacts [46]. In our research, we focus on the urban/built-up areas of Ku-
masi. Deeper insights into the urbanization process utilizing different urban analysis tech-
niques were executed at the sub-metropolitan level. We attempt to model and predict a
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future LULC map for 2025 to serve management purposes for future decision making.
Hence, we hypothesize that urban/built-up areas are increasing at the expense of the other
LULC classes in Kumasi within the study period.

This research fills a knowledge gap by employing the RF classifier to extract ur-
ban/built-up areas for onward urban expansion analyses in the Kumasi Metropolis. Thus,
the objective of this research was to classify LULC utilizing the RF classifier indicating the
rates and patterns, predicting urban/built-up areas for 2025 and providing a deeper com-
prehension of urban expansion in Kumasi.

We hope that our study will act as a reference point and may contribute to the meth-
odological techniques utilized for satellite image classification. It will also be useful for
spatial planning to policymakers and other relevant stakeholders in supporting planning
and management practices for the future utilization of land in Kumasi.

2. Materials and Methods
2.1. Study Area

Kumasi has its centre coordinated as latitude 6°42'00.0" N, longitude 1°37'12.0" W
and it is about 270 km north of the capital of Ghana [17]. The city started with a concentric
form and spread outwards from areas like Adum, Bompata and Krobo. Kumasi receives
an annual mean rainfall of 1484 mm and has a bimodal rainfall distribution. The Kumasi
Metropolitan Assembly (KMA) lies in the transitional forest zone and its major form of
cultivation is urban agriculture [17]. The study area covered 10 sub-metropolitan areas
with an approximate area of 194.38 square kilometers defined as the Kumasi Metropolis
(Figure 1).
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Figure 1. Study Area: Kumasi Metropolis with its sub-metropolitan divisions.
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Landsat TM/OLI satellite images were obtained based on availability, suitability, spa-
tial and temporal resolutions as shown in Table 1. The selected images were cloud-free
and of the dry season. This explained the differences in the time step of the satellite images
utilized in our study. The timespan ranged from 1986 to 2015.

Table 1. Raster Data used in this study.

Satellite Acquisition Number of Resolution (m)
Date Bands
(a) Landsat Series
Thematic Mapper (TM)—5 29.12.1986 6 30
Operational Land Imager (OLI)—8 23.12.2013 9 30/15
Operational Land Imager (OLI)—8 11.01.2015 9 30/15

(b) Advanced Spaceborne Thermal Emission and
Reflection Radiometer (ASTER) Global Digital Elevation =~ October 2011
Model (GDEM)

1 arc second
approximately 30 m

The Landsat and 30 m Digital Elevation Model (DEM) images were obtained from
the Earth Explorer platform of the United States Geological Survey (USGS). The year 2013
was selected because there was massive infrastructural development afterwards within
the city that included the construction of the Kumasi Kejetia market in 2014. The Kejetia
market comprised of 10,000 stores and stalls. This triggered the conversion of forestlands
into other land uses. It was relocated to new sites within the city; thus, the idea of using
‘before’ and ‘after’ 2014 satellite imagery in our study.

The ancillary dataset used in the research included the Open Street Map (OSM),
World Topographic Map (WTM) and the World Street Maps (WSM). These ancillary maps
were cartographically projected to the World Geodetic System (WGS) 84. The OSM road
network dataset was downloaded and extracted for Kumasi from the official website of
Geofabrik. The WTM and the WSM were embedded as Base maps in the ArcGIS 10.7 (En-
vironmental Systems Research Institute (ESRI)). The updated maps for September 2019
were used which was followed by ground-truthing in January 2020.

The general methodology used for the attainment of the aim of this study is shown
in Figure 2.
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Figure 2. Methodology flowchart adopted for the study.

2.2. Satellite Image Processing and Classification

Landsat images were resampled using the Nearest Neighbor Algorithm. The Nearest
Neighbor (NN) resampling method preserved the original values of the original image
when compared to other methods [47]. The images were projected using the WGS 84, Uni-
versal Transverse Mercator (UTM) Zone 30 N and Ghana Datum War Office. The area of
interest was extracted from the World Topographical Map and the satellite images. The
multiple bands (without the thermal and panchromatic bands) were stacked together to
obtain a composite band. These operations were carried out in the ArcGIS 10.7.1 environ-
ment.

According to [48], three broad LULC types were classified for the selected satellite
images based on previous literature on LULC classification in Kumasi [20,42]. The classes
were urban/built-up areas, agricultural, and forestlands. A concise description of the clas-
ses is illustrated in Table 2.
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Table 2. LULC Classes.

LULC Category Description
Residential Commercial
Urban/Built-up Ar- Industrial Power and communications facilities
eas Institutions Highways and Transportation
Lands with exposed soil surface
Agricultural Lands Cropland Pasture

Forestlands

Horticultural Areas
Mixed Forestlands: short canopy trees of about 5-10 m high with a thin occurrence of some emer-
gent trees

Supervised classification was used for the identification, classification and evaluation
of the LULC types. The Random Forest Algorithm was utilized to assign pixels to their
respective classes since RF is not limited by statistical assumption [49]. The satellite image
classification was executed in the ArcGIS 10.7.1 environment.

2.3. Accuracy Assessment

The training samples representing the LULC types were evaluated especially for the
2015 Landsat satellite imagery. The ground control points totaled 150, comprising of 50
ground control points for each class (urban/built-up areas, agricultural and forestlands).
This was evaluated and validated using GPS etrex 64s. The Open Street Map dataset,
World Topographic Map, World Street Map and Google Earth Historical Imagery were
referenced to aid in the identification of the LULC classes.

2.4. Urban Land Modeling and Validation

The Landsat images were initially checked to ensure the images were harmonized,
and had the same spatial characteristics, legend and consistent categories. The temporal
images of 1986 and 2013 were used as the base maps. The initial step was the change anal-
ysis. This was assessed between t1 and #2 of the two LULC maps. The ‘from—to” identified
the transitions from a particular LULC type to another. The drivers of urban expansion
considered were slope, elevation, distance to urban/built-up areas and distance to a main
road. These were selected based on a review of previous studies [30,50].

The slope and elevation were extracted from the Digital Elevation Model and were
incorporated to account for the geophysical factors. In 1986, the distance to urban/built-
up areas was set as a dynamic variable. The distance to urban variable indicated the close-
ness of pixels to existing urban/built-up areas in 2013. The modeling of the distance to
urban/built-up areas was set up as a dynamic variable which indicated that the distance
to urban pixels change with time.

The Multi-Layer Perceptron (MLP) was utilized in the modeling process. The neural
network was trained to build a model utilizing the information obtained from the data.
This was to enable the network to hypothesize and forecast the outputs. The weights were
defined in the training phase before the prediction. The error in the network was reduced
by adjusting the weights between the nodes (using a proportion of the input data), using
the backpropagation algorithm. After iterations, the calculation of the error that spread
across the neural network was done. The model was trained using sample pixels that ex-
perienced transitions from one land-use type to another, and the pixels that remained un-
changed in the two LULC maps. The sample size was equivalent to the least number of
pixels that changed from one land-use type to another. The chosen pixels were assigned
to two groups; one group to train the model and the other group to test or validate the
accuracy of the model.

Markov Chain Analysis was used to model the quantitative alterations in each tran-
sition for the projected year (2025). The Markov chain was multi-directional and a specific
LULC was theoretically changed into or from other LULC [51]. The change analyses and
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Density of Urban Expansion =

the transition potential maps produced were used to forecast the future scenario for 2015.
The predicted map with the same LULC categories as the input maps was generated.
Validation enabled the determination of the quality of the forecasted map for 2015
compared to the real 2015 LULC map. Visual and statistical approaches were used in the
validation of the models [52]. This resulted in a map consisting of four major groups:

i ‘Hits” meant the changes in the predicted model were correct.

ii. ‘False alarms’ signified the model predicted changes but remained unchanged.
iii. ‘Misses’ indicated the model predicted no changes, but changes occurred.
iv. ‘Null success” meant the model predicted no changes and remained stable.

Finally, after verification, the predictive ability of the model was assessed. Simulation
was done to forecast the LULC map for 2025 utilizing the 2013 and 2015 LULC maps as
the base maps. The entire procedure was repeated to obtain the projected map of 2025.
Urban land modeling and validation were executed using the Terrset software.

2.5. Urban Expansion Analysis

The urban/built-up areas were extracted from the satellite imagery to analyze the rate
and pattern of urban expansion. Overlays were done to generate the general overview of
urban/built-up areas and in the various sub-metropolitan zones.

The process of urban expansion showed a relation to geographic features such as
roads. It was evident that trade and commerce were rudimentary reasons for the estab-
lishment of cities in Ghana. For instance, markets, banks and other service providers set
up their firms in proximity to major roads in Ghana [14] as high capacity urban roads face
larger amounts of land use and urban expansion [53]. Again, it is asserted that proximity
to major roads is a vital factor for urban expansion in the works of [54-56] on Hangzhou
in China, North-Eastern Ohio Region in the United States of America, and Sekondi-Tako-
radi in Ghana. This situation was synonymous with that in Kumasi. The research, there-
fore, adopted this strategy to investigate urban expansion along the Kumasi—Accra road.
The stretch of this road was 19 km in the study area. This road was chosen as it has high
prominence in Ghana and lies in the urban/built-up areas in Kumasi.

The urban expansion maps were converted from raster format into a vector form and
were overlaid with the Kumasi—Accra road. Within a 4 km buffer, a 400 m buffer interval
was used. This research utilized the 400 m interval buffer based on previous literature [56]
and was also adopted as a pragmatic approach. The buffers were commutatively created
around the Kumasi—Accra road. Each of the buffers invented was overlaid with the urban
expansion feature to compute total urban expansion present in each buffer. These map
conversions and buffer creation operations were executed using the ArcGIS 10.7.1 soft-
ware.

2.6. Density of Urban Expansion

This was computed to ascertain how dense the urban/built-up areas are in each of
the created buffers and was used in the overall computation of the density decay function.

The Density of Urban Expansion in each buffer zone was computed using the for-
mula as adopted from [56];

Amount of Urban Expansion in each buffer zone

Q)

To establish the correlation between the density of urban expansion and the distance
to the main Kumasi—Accra road, the density decay function was composed, which aided
in analyzing the expansion of the urban/built-up areas in Kumasi.

Total amount of land in each buffer zone

Correlation between Density of Urban Expansion and Distance to the Main Road



Land 2021, 10, 44

8 of 22

The relationship between the density of urban expansion and the distance to a major
road was investigated using Pearson’s Correlation Analysis [56]. The Pearson coefficient
of correlation was computed for the ten buffer zones using the formula;

XYY
TXY - £E~

o X0 RIE @)
S0 B (zv- &)

where:

r = Correlation coefficient

X = Distance to the main road (Kumasi—-Accra road)
Y = Density of Urban Expansion

N = total buffers

The significance of the correlation ‘r” was tested at a statistical significance of 5%.

2.7. Software Used

ArcGIS 10.7.1 was employed to assess image accuracy and analyze urban expansion.
The change detection was executed using the Terrset software. The correlation and the
general visualization of graphs were done using Matlab R2020a.

3. Results
3.1. General Description and LULC Distribution

In the classified image of 1986, the central portions of the city were the urban/built-
up areas; however, most of the area was covered by forestlands. The urban/built-up areas
were surrounded by portions of agricultural lands. However, in the classified image of
2013, most portions located in the peripheries of Kumasi were covered by urban/built-up
areas. Visually, the forestlands had decreased the most. The 2015 classified image had
almost all the boundaries transformed into urban/built-up areas. Nevertheless, it had
small clusters of forestlands within the metropolis.

The LULC distribution revealed that forestlands occupied the largest area in 1986.
However, there was a drastic decrease in 2013 and 2015 in terms of hectares. Agricultural
lands which occupied a small area in 1986 increased in both 2013 and 2015 (Figure 3).

() LULC 1986 (b) LULC 2013 (¢) LULC 2015

Legend Projection:
[ urban/Built-up UTM Zone 30N

|:| Agricultural Lands

Figure 3. Land Use Land Cover (LULC) maps for the years 1986, 2013 and 2015.
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It was interesting that the urban/built-up area that occupied less than a quarter of the
city had expanded in 2013 with a percentage increase of (45.40%). Again, there was a sig-
nificant increase of 3.43% in the period (2013-2015). The single most striking observation
was the percentage decrease in forestlands throughout the study. There was (-58.65%)
and (—6.29%) reduction for the periods (1986-2003) and (2003-2015) respectively (Table 3).

Table 3. Distribution of LULC.

LULC Categories 1986 2013 2015
8 Area (ha) Area (%) Area (ha) Area (%) Area (ha) Area (%)
Urban/built-up 4622.49 23.78 13,447.50 69.18 14,004.60 72.05
Agricultural lands 716.40 3.69 3292.92 16.94 3959.01 20.37
Forestlands 14,098.90 72.53 2697.30 13.88 1474.11 7.58
TOTAL (ca.) 19,438 100 19,438 100 19,438 100
The annual rate of change recorded high percentages for agricultural lands and ur-
ban/built-up areas. However, forestlands diminished the most, reducing consistently dur-
ing the entire period. This indicated that urban/built-up areas were increasing to the det-
riment of the other LULC types (Table 4).
Table 4. Changes in Area and Percentages.
Annual Rate of Change
1986-2013 2013-2015
Land Use Land Cover (%)
Categories Area Percentage Change Area Percentage Change
1986-2013 2013-2015
(ha) (%) (ha) (%)
Urban/built-up 8825.0 454 557.1 2.9 1.7 14
Agricultural lands 2576.5 13.3 666.1 3.4 0.5 1.7
Forestlands -11,401.6 -58.7 -1223.2 -6.5 2.2 -3.3

3.2. Nature of LULC Changes

The nature of changes was considered as stable (areas with no change or which were
persistent) and unstable (loss or gain by each class). From 1986 to 2013, there was an in-
creased urban/built-up expansion. Thus, there were changes in agricultural and for-
estlands. Forestlands depleted the most compared to urban/built-up areas and agricul-
tural lands.

For the areal changes between 2013 and 2015, the visual inspection indicated tracea-
ble changes. The urban/built-up areas were persistent. The most prominent changes were
obtained between forestlands and agricultural lands (Figure 4).
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(a) Areal Changes 1986 - 2013 (b) Areal Changes 2013 - 2015
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Figure 4. Change Map showing transition of LULC.

3.3. Tabulation of LULC Changes

The area of persistence for the initial phase (1986 to 2013) was 6673.32 ha representing
34.3% of the entire area of Kumasi. Forestlands experienced the highest instability losing
9197.10 ha and 2586.87 ha to urban/built-up and agricultural lands, respectively. In all,
urban/built-up areas increased most whilst the forestlands were drastically diminished.

However, from 2013 to 2015, the area of stability was 14,642.90 ha representing 75.3%
of the total area. The usual trend noticed was that forestlands were transformed into ag-
ricultural lands. Agricultural lands were also transformed into urban/built-up areas (Ta-
ble 5).

Table 5. Change analysis of the area of change from 1986 to 2015.

Areal Extent (in Hectares)

Land Use Land Cover Change

(1986-2013) (2013-2015)

No change 6673.32 14,642.90

Agricultural Lands to Urban/built-up 253.17 1304.28
Forestlands to Urban/built-up 9197.10 255.69

Urban/built-up to Agricultural Lands 457.65 1045.08

Forestlands to Agricultural Lands 2586.87 1584.72
Urban/built-up to Forestlands 200.34 80.10
Agricultural Lands to Forestlands 69.30 524.97

Total Area (ca.) 19,438.00 19,438.00

3.4. Accuracy Assessment

The RF algorithm produced kappa statistics for 1986, 2013 and 2015 as 86%, 96% and
97%, respectively. The user and producer accuracies are elaborated in Appendix A.

3.5. LULCC Models and Validation

The urban/built-up area as the major transition model studied and as such the vital
transitions from other land use classes were explored. Cramer’s V indicated the potential
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explanatory strength of a driving factor in urban expansion. According to [57], a Cramer’s
V value of 0.15 and above for any driving factor was considered very valuable, whilst a
value greater than or equal to 0.4 was good (Table 6).

Table 6. Values for Cramer’s V.

Driving Force Cramer’s V
Distance from roads 0.270
Distance from Urban 0.150

Elevation 0.002
Slope 0.012

3.6. Validated and Projected Maps

Figure 5a depicts the validated projection of the LULC map for 2015 illustrating the
accuracy accomplished by the model. The maps were composed of ‘null success’, ‘false
alarms’, “misses’” and ‘hits’. The visualization revealed that ‘null success’ dominated. How-
ever, false alarms were seen widely in the validated map.

Figure 5b shows the projected LULC for the year 2025. The dominant class for the
projected map was urban/built-up areas. Agricultural lands were predicted to occupy
higher portions compared to the smaller portions they once occupied.

(a) Validated LULC Map for Kumasi 2015 (b} Projected LULC Map for Kumasi 2025

Kageuid Legend Projection:

I Null Success .

[ False Alarms - Urban/Built-Up UTM Zone 3ON
[ Misses Cl Agricultural Lands

[ Hits B Forestiands Datum: WGS 84

Figure 5. Validated and Projected maps.

3.7. Areal Extent of each LULC in 2025

Urban/built-up areas are projected to cover 15,490.98 ha representing 79.70% of the
entire area. The urban/built-up areas will increase by 7.65% from 2015 to 2025. Agricul-
tural lands are also tipped to occupy 3038.98 ha (15.63%). However, forestlands are ex-
pected to cover 908.83 ha (4.67%) in 2025 (Figure 6).
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Forestlands Agricultural lands
3038.94 ha

15.6%

Urban/Built-up

Figure 6. Projected LULC distribution for 2025.

3.8. Urban Expansion Analysis

The overlays showed the extent of spatial expansion that occurred over the study
period. There was an increasing pattern in terms of the spread of the urban/built-up areas
from 1986 to 2015 (Figure 7).

(a) Urban 1986 {(b) Urban 2003 (c) Urban 2015

. Legend Projection:
[ urbaniBuilt-Up 1986 UTM Zone 30N
" £ [ Urban/Built-Up 2013
s E B Urban/Buit-Up 2015 Datum: WGS 84

Figure 7. Urban expansion in Kumasi.

3.9. Urban Expansion in the Sub-Metropolitan Zones

Urban expansion was very evident in all the sub-metropolitan zones. This pattern of
urban expansion can therefore be expressed as ubiquitous. This urban extent was found
extensively on the peripheries of the various zones (Figure 8).
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Figure 8. Urban expansion in sub-metropolitan areas.

3.10. Urban Extent in each Sub-Metropolitan Area in Kumasi

Urban area covered 4692 ha, 13,489 ha and 13,937 ha for 1986, 2013 and 2015, respec-
tively. Urban/built-up areas increased by 45.4% from 1986 to 2013, and from 2013 to 2015
urban/built-up areas increased by 2.87%. The urban/built-up areas rose from 4622.49 ha
in 1986 to 13,447.50 ha in 2013 and finally to 14,004.60 ha in 2015. In 1986, Asokwa yielded
the highest urban extent (729.36 ha) and the least value was recorded for Bantama (286.56
ha). Subsequently, the urban extent of Oforikrom was the highest with 2039.59 ha and
2129.94 ha in 2013 and 2015, respectively. Tafo produced the least with 512.10 ha in 2013
and 517.59 ha in 2015. All zones revealed consistent increment in urban zones throughout
the study period (Table 7).

Table 7. Urban Extent in each sub-metropolitan area.

Sub-Metropolitan Urban Extent

1986

2013

2015

Urban

Extent Urban Extent (ha) Urban Extent (%) Urban Extent (ha) Urban Extent (%)

(ha) %)

Asawase 498.78 10.63 1397.52 10.36 1596.33 11.45
Asokwa 729.36 15.54 1547.64 11.47 1563.03 11.21
Bantama 286.56 6.11 1157.84 8.58 1165.86 8.37
Kwadaso 421.74 8.99 1666.00 12.35 1768.65 12.69
Manhyia 583.65 12.44 1504.80 11.16 1518.66 10.90
Nhyiaeso 470.79 10.03 1578.60 11.70 1580.49 11.34
Oforikrom 500.13 10.66 2039.59 15.12 2129.94 15.28
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Suame 302.67 6.45 1395.26 10.34 1398.33 10.03
Subin 586.26 12.50 689.22 5.11 698.16 5.00
Tafo 312.12 6.65 512.10 3.80 517.59 3.71
TOTAL (ca) 4692 100 13,489 100 13,937 100

3.11. Urban Expansion along a major road

Along the 19 km stretch of the Kumasi—Accra road, it was clear that urban/built-up
areas extended throughout the entire buffers. The urban/built-up areas were sparsely dis-
tributed on the western part of the created buffers. Urban expansion covered 33.8% and
was found within 2 km from the Kumasi-Accra road in the 400 m buffer. The major ex-
pansion of urban/built-up areas was clustered directly on opposite sides of the created

buffers (in the north-south) (Figure 9

).
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Figure 9. Urban expansion (400 m) along the main Kumasi—Accra Road.

3.12. Urban Expansion in the 400 Meters Buffer

The buffer values ranged from 153.30 ha to 3086.23 ha. The highest difference was
recorded for buffers between 3200 m and 3600 m as 512.67 ha. However, the least urban
measure was recorded for the buffer in between 400 m and 800 m. The 4000 m buffer had
the highest urban percentage of 24.54% and the least was recorded in the 400 m buffer

with 18.78% (Table 8).

Table 8. Urban, total area and percentage urban in buffers.

Buffer Area of Urban Expansion in Each Total Land Size in Each Percentage
(m) Buffer (ha) Buffer (ha) Urban (%)
400 153.30 816.28 18.78
800 368.62 1721.93 21.41
1200 606.58 252441 24.03
1600 817.71 3834.06 21.33
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2000 1041.62 5040.65 20.66
2400 1328.26 6347.90 20.92
2800 1634.95 7755.11 21.08
3200 2025.79 9262.61 21.87
3600 2574.46 10,870.33 23.68
4000 3086.23 12,578.35 24.54

3.13. Density of Urban Expansion

The values ranged from 0.19 to 0.25. An increasing trend was observed before the
2000 m buffer. The value for the density of urban expansion reduced by 0.01 in the buffers
of 2000 m and 2400 m. However, it increased from the 2800 m until the 4000 m buffer. The
density of urban expansion revealed an increasing trend from the 2400 m to the 4000 m
buffer which also showed a rising pattern in urban/built-up areas (Table 9).

Table 9. Density of urban expansion.

Buffer (m) Density of Urban Expansion
400 0.19
800 0.21
1200 0.22
1600 0.21
2000 0.20
2400 0.20
2800 0.21
3200 0.22
3600 0.24

4000 0.25

3.14. Density Decay Curve

The relationship between the Kumasi—Accra road and the density of urban expansion
was depicted in the density decay curve (Figure 10). There was also a gradual rise until
1200 m. The value dropped in the 1600 m buffer and remained steady till the 2400 m
buffer. The curve revealed an increasing trend until 4000 m. The mathematical expression
of the relationship between the distance to the Accra-Kumasi road and the density of ur-
ban expansion is expressed as;

y =0.0041x +0.19 3)

where

y = density of urban expansion
x = distance to a major road
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Figure 10. Density Decay Curve.

3.15. Correlation between Density of Urban Expansion and Distance to the Kumasi—Accra road

There was a high positive correlation in the buffers along the Kumasi-Accra road.
The direct and strong correlation of 0.75 indicated an increase in urban expansion, with
increasing size in the buffer. The student f-test revealed that the urban expansion using
the 400 m buffer was significant (Appendix B).

4. Discussion
4.1. Image Classification and Accuracy Assessment

Research has explored the classification accuracies amongst the state of the art ma-
chine learning classifiers. Random Forest outperformed Artificial Neural Networks
(ANNSs) classifiers in the work of [58], and Linear Discriminant Analysis [59]. The kappa
statistics, user and producer accuracies also produced satisfactory results in our research.
The accuracies were higher compared to accuracies produced in the works of [20,37-39]
for Kumasi and other parts of Ghana. The higher accuracy results obtained in this research
could be attributed to the use of the machine learning algorithm, RF classifier. The perfor-
mance of the RF in this research was in agreement with the findings of [58,59] that dis-
cussed the robustness and the computational efficiency of RF over other satellite image
classifiers.

4.2. Land Use Land Cover Changes

Urban/built-up areas have been put under intense pressure [21,43]. An urban/built-
up area is considered economically rewarding in comparison to agricultural and for-
estlands, accounting for accelerated land conversion from agricultural lands to ur-
ban/built-up areas [60]. This research confirmed that agricultural and forestlands were
transformed into residential areas, public places, roads and industries [43,44,61]. In Sek-
ondi-Takoradi (the third largest city in Ghana in terms of population) [62], a substantial
amount of agricultural land was reduced and transformed into urban/built-up areas. Ur-
ban/built-up areas have doubled over the other land-use types [25], as consistently found
in this research.
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4.3. Causes of LULC Changes

The population of Kumasi was 469,628 in 1984. However, in the 2000 population cen-
sus, Kumasi had 1,170,270 inhabitants. In the last census of 2010, Kumasi recorded a pop-
ulation of 1,730,249. It can be inferred from the years 1984, 2000 and 2010 that the popula-
tion has increased tremendously. The rise in urban population from 2000 to 2010 was 48%
[62]. Thus, it can be inferred that urban expansion to accommodate the increasing popu-
lation was the main factor responsible for the changes in LULC.

Kumasi serves as the economic hub of the middle belt of Ghana. This has led to high
demand for housing facilities [19]. There is a high in-migration of people into Kumasi, and
the prominent motives being for trading and employment purposes. The lateral pattern
of expansion in the sub-metropolitan zones shows that people are eager to acquire lands
and construct housing facilities to accommodate the booming population in the Kumasi
Metropolis [19,21,44].

The reduction in agricultural and forestlands could be attributed to inadequate and
weak policy regimes. Although there are regulations in place, enormous illegal develop-
ment has happened in Kumasi. The reasons for this uncontrolled urban expansion could
partly be blamed on the compromised enforcement of laws [63]. The biggest challenges
relating to Ghana’s laws and regulations are related to enforcement and compliance.
There is laxity in the enforcement of laws regarding land use in Ghana [63]. This relaxation
of the laws could account for the losses in the natural landscape.

4.4. Urban Expansion in Kumasi

Urban expansion was ubiquitous in the ten sub-metropolitan zones. The areas close
to the periphery were initially covered with agricultural and forestlands. This indicated
that land developers and individuals are eager to transform the other LULC types into
urban/built-up areas (Figure 7). We found that, in the 2 km buffer, the urban extent rep-
resented 66.2% which is indicative of rapid urban expansion in Kumasi. The buffer of 400
m showed a positive correlation between the density of urban expansion and the distance
to the main road meaning that the farther away from the Kumasi-Accra main road, the
higher the density of urban expansion. This positive correlation was comparable to the
work of [56] in the Sekondi-Takoradi Metropolis in Ghana.

It was observed that the non-urban areas have been transformed into urban/built-up
areas as the size of the buffer increased. The density of urban expansion was synonymous
with the density decay curve with both revealing an increase in trend in urban/built-up
areas. This partly explains the increased urban expansion in Kumasi. This pattern is at-
tributed to the fact that most of the social amenities are near the highway. Developers in
the city develop sites close to the highway to take full advantage of the available infra-
structure and social amenities. This outcome supported the earlier assertion made by [23]
that agricultural lands were the first to be transformed into urban/built-up areas.

Urban expansion was significantly experienced towards the periphery of the sub-
metropolitan zones. The highest urban expansion in the Oforikrom sub-metropolitan zone
could be attributed to the presence of many academic institutions that include the Kwame
Nkrumah University of Science and Technology. This has led to the conversion of other
LULC types into urban/built-up areas. However, the least urban expansion that occurred
in the Manhyia sub-metropolitan zone may be linked to the traditional controls restricting
the indiscriminate conversion of other LULC into urban/built-up areas.

The projected map confirmed that urban/built-up areas will dominate the other
LULC classes, agreeing with work on other areas of Ghana including the research of
[20,33,38]. From 2013 to 2015, a substantial 448 hectares were added to the urban-built-up
areas which vindicated the use of the 2013 and 2015 satellite images.
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4.5. Effects of Urban Expansion

It was observed that urban expansion led to losses in the natural landscape. Many
green areas in Kumasi had undergone an intensive transformation from a recreational
setting to an economic hub [64]. The major recreational areas have all witnessed changes
in land use [41,65]. The agricultural lands in Kumasi were converted to urban/built-up
areas (residential, commercial and industrial). Findings from this research are consistent
with the works of [66], using Kunming city in China as a case study. According to [67],
uncontrolled urban expansion of cities reduces agricultural land. Results from this work
were in line with [39] who concluded that the land cover of Kumasi has undergone intense
changes. Urban/built-up areas have gained more at the expense of agricultural and for-
estlands [33]. Our research also corroborates earlier findings, including [20,33], that the
fate of urban agriculture and biodiversity could be at risk in Kumasi. According to [36],
the increase in the urban/built-up areas in Kumasi has led to urban warming and thus has
impacted the land surface temperature.

5. Conclusions

We utilized multi-temporal Landsat satellite imagery and other relevant datasets to
track urban expansion in Kumasi from 1986 to 2015 and predicted future urban/built-up
areas for 2025. This research not only examined the spatio-temporal changes using the RF
classifier but also attempted to provide a deeper comprehension of the urban expansion
of Kumasi.

This research concludes that the RF algorithm is a better classifier compared to the
traditional parametric classifiers, based on its accuracy outputs. The evaluation of change
detection, urban expansion in the sub-metropolitan zones, density decay curve, buffer
creation, correlation analysis and the student T-test to test significance revealed that ur-
ban/built-up areas are continually increasing at the expense of the other LULC types. The
study revealed that the increase in population and economic activities have affected LULC
alterations.

Urban land modeling using the Multi-Layer Perceptron and the Markov Chain which
generated the future LULC map also predicted increased urban/built-up areas for 2025. It
is expected that urban expansion may move beyond the boundaries of the Kumasi Me-
tropolis into the adjacent satellite towns in the Ashanti Region. It is also concluded that,
the infrastructural developments after 2013 and before 2015 had a significant impact on
the green areas (agricultural and forestlands) in Kumasi.

The major limitation of our research was our inability to obtain suitable and appro-
priate Landsat satellite data for at least a 10-year interval for the required years, especially
between 1986 and 2013 for the study area. The techniques adopted in this study for satel-
lite image classification and urban expansion are considered straightforward. However,
in our study, the 10-year interval was considered for the prediction for LULC 2025, with
an emphasis on urban/built-up areas. Future works could also utilize RS data from the
rainy season. Other machine learning classifiers such as Support Vector Machine and Ar-
tificial Neural Networks may also be incorporated for the classification of satellite images.
Again, remote sensing indices could also be incorporated to provide further insights into
the urban environment.

However, we propose that the city planners will inculcate vertical construction of
buildings to avoid the wastage of agricultural and forestlands. This can be done in part-
nership with the Ministries of Housing, Agriculture and Forestry in Ghana. Again, the
existing land-use policies ought to be enforced by the Kumasi Metropolitan Assembly.
The consequences of uncontrolled urban expansion may include urban heat islands, con-
tinued loss of arable and natural areas and increased air pollution in the study area.

Our research provided gainful insights into spatio-temporal patterns and trends in
urban/built-up areas using the state of the art machine learning classifier, Random Forests,
an efficient technique used in tracking and predicting urban/built-up areas. This research
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can contribute to the existing framework for the development of land planning measures
that promote the integration of other LULC types as urban-built up areas expand in cities.
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Appendix A. User and Producer Accuracies for the Classified Satellite Images

Table Al. User, Producer and Kappa statistics for the classified image of 1986.

LULC

Urban/Built-Up  Agricultural Lands  Forestlands Total User Accuracy Kappa

Urban/built-up 50 0 0 50 1 0
Agricultural lands 8 42 0 50 0.84 0
Forestlands 6 0 44 50 0.88 0
Total 64 42 44 150 0 0
Producer Accuracy 0.78 1 1 0 091 0
Kappa 0 0 0 0 0 0.86
Table A2. User, Producer and Kappa statistics for the classified image of 2013.
Urban/ .
LULC . Agricultural Lands Forestlands Total User Accuracy  Kappa
Built-Up
Urban/built-up 50 0 0 50 1 0
Agricultural lands 0 50 0 50 1 0
Forestlands 1 3 46 50 0.92 0
Total 51 53 46 150 0 0
Producer Accuracy 0.98 0.94 1 0 0.97 0
Kappa 0 0 0 0 0 0.96
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Table A3. User, Producer and Kappa statistics for the classified image of 2015.

LULC Ul:ban/ Agricultural Lands Forestlands Total  User Accuracy Kappa
Built-Up
Urban/built-up 50 0 0 50 1 0
Agricultural lands 2 48 0 50 0.96 0
Forestlands 1 0 49 50 0.98 0
Total 53 48 49 150 0 0
Producer Accuracy 0.94 1 1 0 0.98 0
Kappa 0 0 0 0 0 0.97

Appendix B. Student ¢-test

Student t-test: Two samples assuming unequal variance

Ho:r=0

Har#0

For 400 m, number of buffers = 10

r = Correlation between Density of Urban Expansion and the Distance to the main
road (0.75).

Using the 400 m buffer, (o = 0.05, degrees of freedom, n—2 = 8).

tob=r\/“;22 tob=o.75\/ D2 =32
1-r 1-(0.75)

The observed t (teb) and the critical (teit) at the significance level alpha = 0.05; terit for
400 m = 2.31 was compared.
The correlation was significant since tob (3.2) > teit (2.31), thus Ho was rejected.
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