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Urbanization posits the expression of urban expanse expansion due to popu-
lation growth, rise in built-up areas, high population density and its corres-
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sprawl, loss of agricultural land, forest loss and other associated complica-
tions. This study analyzed the dynamics of urbanization and other LULCC in
Ghana’s Greater Kumasi area via Landsat images (TM 1986, OLI 2013 and
OLI 2023) using ERDAS Imagine, Idrisi and ArcGIS software. Implementing
supervised classification technique, the Maximum Likelihood Classifier
(MLC) procedure was employed to categories the study area into five LULC
classes. Accuracy assessment undertaken on the resultant LULC maps was
deemed very satisfactory. The results from 1986-2023 pointed to an upsurge
in a built-up extent as of 8% to 41%, a decrease in Closed Forest from 9% to
4%, another decrease in Open Forests from 64% to 33%, a slight increase
from 16% to 20% in farmlands and a stable level of water share. Further anal-
ysis indicated that the study area had undergone LULCC within the periods
1986-2013 and 2013-2023 at 60% and 37% respectively. The findings showed
uncontrolled urban sprawling along major roads and forest loss as deforesta-
tion outside protected areas and degradation in protected forest. The moni-
toring of urbanization and other LULCC is important for local, and national
governments and other bodies charged with the implementation of programs
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and policies that manage and utilize natural resources. Development adapts
to mitigate the effect on the environment.
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1. Introduction

Urbanization remains one of the most active and vital subjects in contemporary
times since rapid expansion has mostly ensued in the disorganized and unin-
tended development of cities with its dire consequences of other LULCC and
ecosystem services role played by the flora and fauna in any given area (Ioja &
Qureshi, 2020; Pal et al., 2023). A number of studies have demonstrated that ur-
banization is a development whereby valuable farmland, forest and surface water
categories are being permanently decreasing and outrightly being lost (Mu-
hammed & Emigilati, 2019; Weslati et al., 2023).

Deforestation and Climate change remain global issues which are impacted
greatly by LULCC. LULCC has consequently been identified as a crucial part of
ecological transformation on all spatiotemporal scales (Bufebo & Elias, 2021;
Naboureh et al., 2021). Thus, LULCC monitoring is pivotal for community, pro-
vincial, national and even international level designing and implementing strat-
egies in order to assess urban growth trends (Grigorescu et al., 2021; Wiatkows-
ka et al., 2021). Precise in addition to up-to-date information are necessities for
the detection, monitoring, and analysis of the variations in the urban LULC pat-
terns for efficient and effective management (Sun et al., 2007; Hersperger et al.,
2018). Largely, anthropogenic activities are reckoned to be liable for compelling
the modifications resulting in altered environments which adversely influence
terrain and its attendant resources (Benson, 2019; Makwinja et al., 2021).

To be able to quantify changes in any environment, change detection is an
important exercise that must be undertaken. Change detection is explained as the
means of pinpointing changes in the condition of an environmental element by
examining it at various times (Shi et al., 2020; Khelifi & Mignotte, 2020; Peng et al.,
2020). Satellite imagery provides excellent means to study change detection. Land-
sat images especially, and other satellite images such as Disaster Management
Constellation (DMC) and Sentinel have been employed by several researchers in
the study of LULCC in the study area (Asori & Adu, 2023; Koranteng et al.,
2021; Frimpong et al., 2023; Asabere et al., 2020; Koranteng et al., 2020).

Numerous research papers have established the pertinence of remote sensing
(RS) and geographic information systems (GIS) in urbanization and LULCC
studies (Atay Kaya & Kut Gorgiin, 2020; Sibanda & Tsuyuki, 2022; Olorunfemi
et al., 2020). The primary aim of this paper is to assess urbanization and other

LULCC over 37 years (1986-2023) period and its connection with population in
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Greater Kumasi Area in Ghana. This paper uses several existing methodologies

to address teething challenges in the study area.

2. Methodology
2.1. Study Area

The study area (Figure 1) is located centrally within the Ashanti Region which
includes Kumasi (capital) and its immediate bordering districts (Atwima
Kwanwoma, Afigya Kwabre, Kwabre, Atwima Nwabiagya, Bosomtwe and Ejisu
Juaben. The study area falls within the coordinates—longitude 1°58'W & 1°11'W
and latitude 6°22'N & 7°11'N. Ashanti Region has the highest population in
Ghana over the past decades until recent 2021 population census where its
second to Greater Accra (GSS, 2022). The 2021 population of the region stood at
5,440,463 at a 3.8% growth rate (Table 1).

The study area is located within the middle belt of Ghana and lies within the
tropical rainforest zone. The study area is endowed with Owabi Wildlife sanctu-
ary, Lake Bosometwi and Bobiri Forest Reserve. Ashanti region experiences both
wet and dry climate conditions throughout the year. The rainfall pattern in the
area commences in March and end in November, which peaks in May-June and
October. The average annual rainfall is 1400 mm at an average annual tempera-
ture of 290°C.
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Figure 1. Study area comprising the old Kumasi metropolitan assembly, and adjoining districts.
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Table 1. Ghana’s population and Ashanti region shares, 1960-2021 (GSS, 2022).

Total (Ghana) Ashanti
Year
Size % Size %

1960 6,726,815 100.00 1,109,133 16.3
1970 8,559,313 100.00 1,481,698 17.3
1984 12,296,081 100.00 2,090,100 17.0
2000 18,912,079 100.00 3,612,950 19.1
2010 24,658,823 100.00 4,780,380 194
2021 30,832,019 100.00 5,440,463 17.6

Source: Ghana statistical service.

The study area is gifted with some hilly areas with a mean elevation of 250 m
above Mean Sea Level (MSL). The main water source within the study area are
the natural lake, dams and several rivers. Kumasi populace draw their potable

water from the Owabi and Barekese head works.

2.2. Material & Data

Table 2 lists the data sources used in this research and grouped into two: Earth
observation (EO) data and reference data. For this study, Landsat satellite images
were used to analyze LULCC as it provides multi-temporary capability. Landsat
images were downloaded from the USGS Earth Explorer website

(http://glovis.usgs.gov/) which covers Path/Row scenes 194/55 and 194/56 of the

study area. These images were selected based on date acquisition, availability and
less than 10% cloud cover. The other data that forms the reference data contain
aerial photographs, topographical maps, Landuse maps and 2012 ground truth
data of the study area.

2.3. Methods

Figure 2 summarized the methods adopted in this paper as illustrated in the

flow chart and have been elaborated in the subsequent sub-sections.

2.3.1. Image Pre-Processing

Image pre-processing serves as essential process in removing systematic and
unsystematic errors that are to attributed to certain effects arising from sensors,
atmosphere and the Earth’s curvature. Image pre-processing is the first process
done to reduce system errors and atmospheric effects in sensors uncorrected er-
rors, if not rectified leads to false results in change detection analyses (Kamuso-
ko, 2019; Phiri et al., 2018). Layer stacking was performed on the downloaded
Landsat images (1986, 2013 and 2023) and clipped accordingly to Area of Inter-
est (Study Area). The resultant 1986 Landsat image was found to be hazy and
was therefore corrected. All the resultant images were subsequently enhanced

using Histogram Equalization.
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Table 2. Satellite data used for LULC classification and reference data.

Acquisition
EO Data cquisttio Resolution Source
date
D >
Landsat TM ecleglgl:er 30 m USGS EROS Centre
Landsat OLI 8 March, 2013 30 m USGS EROS Centre
Landsat OLI 8 January, 2023 30 m USGS EROS Centre
Reference Data
. Survey & Mapping
T hical M. 2012 1:50,000
opographical Map Division, Ghana
S & Mappi
Aerial Photographs 2010 1:10,000 trvey & Mapping
Division, Ghana
CERGIS, University
Land Cover Map 1986 30 m
of Ghana
Land C M 2010 30 RMSC - Forestry
and Lover Vap m Commission, Ghana
RMSC - F t
Training Data (FPP) 2012 orestry

Commission, Ghana

Satellite Images
1986 Landsat TM, 2013 Landsat OLI 8
2023 Landsat OLI 8

I Layer Stacking }—l
| Radiometric Correctioni > Image Preprocessing >
Reference Data
| Geometric Correction }J 3 Topographical Maps
/ \ Aerial Photographs
|Training Area Selection | e Image Classification < Land Cover Map

| Supervised Classification

\4

Land use land cover Maps
1986, 2013, 2023

Post Classification Change
Detection

, y

Land use land cover Change Maps
1986-2013, 2013-2023 U

v

< Change Analysis >

A4 v

| Recoding

Accuracy
Assessment

Urban Trend Quantity Spatial Extent

Figure 2. Methodology flowchart adopted in the study.
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2.3.2. Image Classification

To extract the various LULC classes, training and validating data are needed to
obtain accurate classification of the study area. Desktop review was first carried
out which includes obtaining all the relevant data and information of the study
area. In all, 250 ground truth data evenly distributed were collected at random
from the study area. Based on the number of LULC classes identified, 50 training
points out of the total together with other reference data (local knowledge, aerial
photo and Google Earth images) of the study area, the 2023 Landsat image were
categorized. Accuracy assessments of the classified image were hence performed
with the other 200 ground truth points. The 2013 satellite image was classified
based on the ground truth data acquired from the Forestry Commission, Ghana
and the 1990 landcover map of Ghana acquired from CERGIS was used to clas-
sify the 1986 satellite image.

Based maximum likelihood algorithm supervised classification, the study area
was grouped into five (5) LULC categories: 1) Built-up; 2) Close Forest; 3) Open
Forest; 4); Farmland and 5) Water as indicated in Table 3. The maximum like-
lihood algorithm adopted in this study was based on a function proposed by
(Richards, 1999):

0, (x)=In p(w,) =S N[ -3 (x-m) 5 (x-m) )

where:

I= class;

x = n-dimensional data (where n is the number of bands);

Plw;) = probability that class wi occurs in the image and is assumed the same
for all classes;

|| = determinant of the covariance matrix of the data in class w;

T =its inverse matrix;

m;= mean vector.

2.3.3. Accuracy Assessment
Accuracy assessment shows how classified images correctly compare with refer-

ence or ground truth data. Accuracy assessment evaluates the quality of the

Table 3. Classification scheme of LULC used in this study.

Land use Class Feature

Land with dense woody tree cover with close canopy and forest
Closed Forest
patches.

Land with dense woody tree cover without close canopy. Forest
Open Forest . . .
Land in the national greenhouse gas inventory that are degraded.

Farmland Cultivated land and harvested croplands and pastures

Built U Land with non-natural surface such as roads and highways, built
ui
P up areas, bare grounds and human settlements

Water Rivers, Streams, reservoirs, ponds, and lakes
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thematic map and should not be less than 80% (Congalton, 1991, Anderson et
al., 1976). This study employed confusion matrix algorithm and Kappa statistics
to perform the accuracy assessment on the classified images. The 1986 LULC
accuracy assessment could not be performed as there were no available reference
data. Morshed et al., 2022 proposed the below-mentioned equations used in
computing accuracy assessment parameters and Table 4 summarized the confu-

sion matrix and the kappa statistics calculated.
Producer accuracy (%)

No. of correctly classified pixels(diagonal) 100 @)
X

~ Total no. of reference pixels in each category(column)

User accuracy (%)
_No. of correctly classified pixels in each category 100

3
~ Total no. of reference pixels in each category(row) 3)
Overall accuracy (%)
Total no. of corrected classified pixels(diagonal)
= x100 (4)

Total no. of reference pixels

Kappa
Total sample number x Total corrected sample number )’ (col.total x row total )
- Total sample number2 — " (col.total x row total )

©)

2.4. LULCC Analysis

Post-Classification Change Detection was adopted LULCC that have occurred
within the 37 year period (1986-2023). The LCM module of Idrisi Selva, accept
two LULC maps with the same dimensions at a time to perform cross-tabulation
to analysis LULC changes. Using the 1986, 2013 and 2023 thematic maps as in-
puts in LCM module, the following were generated for the 1986-2013 and
2013-2023 time period: 1) LULC Net gains (+) or losses (=) in hectares (ha) and
percentages (%); 2) change Maps; 3) change matrices; and 4) spatial trend maps.
The change analyses revealed the changed or unchanged areas in terms of quan-
tum, the LULC class trajectories and the trend that have occurred. The annual

change rate was calculated in the equation (Li et al., 2017):

A, (%)= | —la x?x100 ©6)

b
where;

Apg (%) is the annual change rate in percentage,

1, is the area at the beginning and

1, is the end of land use class,

Tis the time period.

A spatial trend analysis which reveal the direction of the LULC change was
generated from the 1986-2013 and 2013-2023 LULC maps. This study used a
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Table 4. Error matrix and kappa (K) statistics of image classification.

2023 ACCURACY REPORT

Class Reference  Classified =~ Number  Producers Users
Name Totals Totals Correct Accuracy  Accuracy
Built-Up 75 78 72 96.00% 92.31%
Close Forest 14 15 12 85.71% 80.00%
Open Forest 64 64 56 87.50% 87.50%
Farmland 40 36 31 77.50% 86.11%
Water 10 10 10 100.00% 100.00%
Totals 203 203 181
Overall Classification Accuracy = 89.16%
2013 ACCURACY REPORT
Class Reference  Classified =~ Number  Producers Users
Name Totals Totals Correct Accuracy  Accuracy
Built-Up 48 48 42 87.50% 87.50%
Close Forest 13 16 11 84.62% 68.75%
Open Forest 81 81 73 90.12% 90.12%
Farmland 48 45 38 79.17% 84.44%
Water 10 10 10 100.00% 100.00%
Totals 200 200 174
Overall Classification Accuracy = 87.00%
KAPPA (KA) STATISTICS
Conditional Kappa for each Category
Class 2013 2023
Name Kappa Kappa
Built-Up 0.8355 0.878
Close Forest 0.6658 0.7852
Open Forest 0.834 0.8174
Farmland 0.7953 0.827
Water 1 1
Overall Kappa Statistics 0.8186 0.8487

polynomial to analysis the spatial trend for the two (2) different periods. The

spatial trend analyses were based on effect of other LU classes on built-up LU

class.

Urban Sprawl Analysis

Extracting the built-up areas spatial extent has become one of the essential fac-
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tors relating to build environment to catalog its development through time. It
revealed how they physically expand (Katsoulakos et al., 2016). In determining
urban sprawl, the 1986, 2013 and 2023 LULC data were evaluated. The extracted
built-up areas from the 3 LULC maps coupled with the road network were supe-

rimposed on each other. The resultant map revealed levels of the direction of

spatial expansion of the built-up areas within the study area (Figure 3).

Legend

== \lain Road

Figure 3. Urban extent maps for 1986, 2013, 2023.
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To measure the urban sprawl type of study area, the area of all the LULC
classes from the LULC maps for the three periods: 1986, 2013 and 2023 were
computed and analyzed. The study adopt Shannon’s entropy formula to measure
the sprawl within the period under review. The Shannon entropy (£n) is com-

puted by:
En=—3,Rlog(R)/log(n) 7)

where P,is the area of each LULC classes in decimal and n is the total number of
LULC classes.

3. Results
3.1. LULC Maps and Quantification

This study adopted supervised image classification based on MLC algorithm in
classifying the study area into five (5) LULC (Table 5). Table 5 indicates the
amount LULC of each category measured in hectares (ha) and their various per-
centages. Figure 4 depicts the three classified maps of the study area generated
from 1986, 2013 and 2023 satellite images and these figures show substantial
modification from one type to another type. The dominant LULC class within
the study area in 1986 was the open forest (64.34%) and remains as the domi-
nant class in 2013 as well. In 2023, the built-up area experienced much expan-
sion (41%) at the expense of other LU classes. Although the study area is drained
by several streams and rivers, it could not be revealed because of the spatial res-
olution of the Landsat images. Only the dams and the lake within the study area
were conspicuous and therefore mapped. Water class area coverage was the low-
est (2%) among the classes.

Table 5 reveals that in 1986 and 2013, Open Forest class was the major LULC
class within the representing 64.34% and 34.18% respectively but was overtaken
by built-up (41.0%) LULC class in 2023. In 2023, it is noticed that the deprecia-
tion of Open Forest LULC class slowed down to 32.75% area coverage. The
Close Forest LU Class which is designated as a protected area in the study area,
increased slightly from 9.12% to 10.93% from the 1986 to 2013 but there was a
sharp loss to 4.35% in 2023. The sharp declining of the Open Forest from the

Table 5. Quantification of land use land cover classes.

1986 LU 2013 LU 2023 LU
ha % ha % ha %
Built-Up 228,410 8.04 636,357 22.39 1,165,393 41.00
Close Forest 259,350 9.12 310,583 10.93 123,511 4.35

Open Forest 1,828,783 64.34 971,460 34.18 930,814 32.75

Farmland 467,518 16.45 865,905 30.46 565,360 19.89
Water 58,433 2.06 58,189 2.05 57,416 2.02
Total 2,842,494 100 2,842,494 100 2,842,494 100
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Legend

B Built-Up

B Close Forest
B Open Forest
[ IFarmland

. \Vater

Figure 4. LULC maps for the Epoch years.

1986 to 2013 has been attributed the high level of deforestation because of high
population, illegal cutting down of trees, mining and unsustainable farming me-
thods.

3.2. Accuracy Assessment

Accuracy assessment produced from the 2013 and 2023 LULC maps were per-
formed from 200 validation data and assessment reports generated (Table 4).
Total classification accuracy of 89.16% and 87% were attained for 2013 and 2023
respectively. Its corresponding overall Kappa value of 0.8186 and 0.8487 were

attained respectively.

3.3. Change Analysis

The study area revealed significant changes within the two-time periods
(1986-2013 & 2013-2023). Figure 5 shows the net gains or loss within the
two-time period. The change maps are shown in Figure 6. The two (2) change
matrices (1986-2013) and (2013-2023) are shown in Table 6 & Table 7. From
the change matrices, the area highlighted yellow (diagonals) refers to areas that
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Net Change between 1986 and 2013

Water [
Farmland

Open Forest-

Close Forest

Built-Up
-80000 -60000 -40000 -20000 0 20000 40000
Net Change between 2013 and 2023
Water I
Farmland

Open Forest
Close Forest:
Built-Up

-30000 -20000-10000 O 10000 20000 30000 40000 50000

Figure 5. LULCC maps for 1986-2013 & 2013-2023.

N 1986-2013 2013-2023

i
S
»

7°OIIOIIN
7°0'0"N

Legend
INo Change  EMIClosed Forest Gains []Farmland Gains

MBuilt-Up Gains [Open Forest Gains Qo iD 20 8¢ 40KM

Figure 6. LULCC maps for 1986-2013 & 2013-2023.

remain unchanged and the off diagonals refers to areas that have experienced
changes. Figure 5 indicate that in the period 1986-2013, only Open Forest expe-

rienced net loss of 30% as compared to other LU classes with built-up and
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Table 6. Change detection 1986-2013 and 2013-2023.

1986 LU
Close Open
Built-Up P Farmland Water Total
Forest Forest
Built-Up 187,528 3963 315,910 128,741 215 636,357

Close Forest 1304 98,848 179,471 29,818 1142 310,583

Open Forest 17,449 103,810 700,580 149,192 429 971,460

2013 LU

Farmland 22,123 51,878 631,963 159,719 222 865,905
Water 6 851 859 48 56,425 58,189

Total 228,410 259,350 1,828,783 467,518 58,433 2,842,494

Table 7. Change detection 2013-2023.

2013 LU

Close Open
Forest Forest

Built-Up Farmland Water Total

Built-Up 579,720 29,183 233,128 323,182 180 1,165,393

S Close Forest 1172 83,902 28,926 8902 609 123,511

Z\ Open Forest 27,914 134,999 449,533 318,308 60 930,814

S Farmland 27,539 62,449 259,860 215,492 20 565,360
Water 12 50 13 21 57,320 57,416
Total 636,357 310,583 971,460 865,905 58,189 2,842,494

farmland classes experiencing significant gains of 14%. Moreover, in the
2013-2023 period, it can be deduced that built-up areas continued to expand
more (18.6%) at the expense of the remaining LU classes. This can be attributed
to the fact that urbanization had rapidly taken place and massive development
taken place affecting other LU classes within the study area. The other LU classes
reduced substantially with farmland class reducing by 10.6% followed by closed
forest 6.6% and the least by open forest 1.4% in 2023. It can be inferred from
Figure 5 that water class remains relatively stable as its experienced marginal
changes within the study area.

According to Table 5 and Figure 5, the built-up experienced much enlarge-
ment at the cost of other classes, mostly from Open Forest and Farmland LULC
classes. Farmland is seen to have increased from 16.45% in 1986 to 30.46% in
2013 at the expense of Open Forest but strangely there was a sharp reduction to
19.89% in 2023. This can be related to the fact there have been a rapid popula-
tion growth which resulted in the massive development taken place within the
study area, converting nearby farmlands to built-up areas. Farmlands are there-
fore created from the two (2) forested areas by the populace. Table 5 revealed

that Close Forest coverage which is mainly protected areas and patches of tree
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plantations within the study area is seen to have increased slightly from 9.12% in
1986 to 10.93% in 2013. However, it is seen to have declined sharply to 4.35% in
2023 indicating high deforestation rate within the study area. The Water LU
class is seemed to be constantly stable in the study area as it seen to experience
insignificant changes at 2% throughout the 3 time periods-1986, 2013 and 2023.
Table 6 and Table 7 reveal the LULCC that have taken place within the two
time periods 1986-2013 and 2013-2023 within the study area. These tables show
how the conversions of the various LU classes happened. Table 6 revealed that
60.3% of the total study area experienced changes within the period 1986-2013.
Apart from Open Forest and Water LU classes, all other LU classes experienced

gains within the period at a 2% annual growth rate of LULCC.

3.3.1. Spatial Trend Analysis
LULCC is attributed and sparked by urban spread. The transition from other

LULC to the built-up category is seen. The expansion of built-up category on the
other LULC class sparks the changes. Figure 7 and Figure 8 depict the spatial
extent with other LU classes to built-up class. The spatial trend maps for

1986-2013 and 2013-2023 appear similar except the spatial trend of close forest

Cubic Trend: Open Forest to Built-Up Cubic Trend: Farmland to Built-Up

Cubic Trend: Close Forest to Built-Up
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Figure 7. Urban spatial extent maps for 1986-2013.
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Figure 8. Urban spatial extent maps for 2013-2023.
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to built-up which looks different. It can be deduced that the LULC classes at the
central part in study area looks likely to transition to urban category than the
fringe areas. The spatial trend of the change from all other LULC to the built-up
class in the examined periods indicates correspondence with the trend of urban
growth. It is expected that the trend of LULCC will move radially towards the
corners.

Figure 3 shows the urban extent with the road networks of study area of the
three years 1986, 2013 and 2023. It is revealed that urbanization was centrally
expanding and along the road systems. Consequently, other LULC classes close
to built-up areas were vulnerable to be transitioned to built-up areas than those

at the fringes.

3.3.2. Urban Trends

The calculated entropy of the urban areas for 1986, 2013 and 2023 were 0.672,
0.861, and 0.788 respectively (Table 8). These values (entropy) implie that the
greater Kumasi has undergone extensive urban sprawl as the entropy values ap-

proaches 1.

4. Discussion

4.1. LULC Maps and Accuracy Assessment

Supervised classification premised on MLC algorithm was utilized in classifying
the Landsat images in the study. The MLC algorithm used has the ability to effi-
ciently map LULC with high accuracies pertinent for monitoring LULCC (Sha-
laby & Tateishi, 2007; Huang et al., 2007). This algorithm supposes that the like-
lihoods are even for all groups and that the key bands have regular distribution
with the merit of offering an index of confidence connected to the optimal of
every pixel to the assumed group (Al-Ahmadi & Hames, 2009).

Foody (2002) and Behera et al. (2012) state the importance of accuracy as-
sessment in post-classification change detection studies. Error Matrices and the
kappa statistics (Table 4), the classification were therefore deemed to be accu-
rate and satisfactory as the values attained falls within the threshold values 80% -
100% (Congalton, 1991; Firdaus et al., 2014).

The LULC maps confirm the reports that Ghana has a very high deforestation
rate (Forestry Commission, 2015) The slowing down from 2013 to 2023 has been
attributed to the governmental interventions, policies and strategies which been
implemented to curtail such forest loss to achieve UN SDG (Forestry Commis-
sion of Ghana, 2016).

Table 8. Shannon’s entropy values.

Shannon’s Entropy values (En)

ID
1986 2013 2023
1 0.672 0.861 0.788
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4.2. Change Analysis

The change analysis collaborates with earlier studies by Forestry Commission.
(2015) and Adu-Poku et al. (2012). The sharply increment explained the fact that
Ashanti region for that matter Kumasi (Capital) and its environs have expe-
rienced many developments within the last two decades (Cobbinah, 2017). Ex-
cept for built-up LU class, all other class experienced losses with the Farmland
LULC class suffering the most. This explains the fact that farmlands are closed to
built-up areas as people tend to create farms at proximity. However, as urbani-
zation grows people tend to develop areas at close proximity than fringe areas
and thereby converting farmland areas into built ups (Puplampu & Boafo, 2021;
Antwi et al., 2014).

The study area has experienced forest loss within the 37-year period under re-
view. Both of the forested areas is realized to have declined by about 50% of its
land coverage within the time period 1986-2023. The main driving causes of this
decline have been attributed to rapid urbanization and uncontrolled agricultural

expansion (Acheampong et al. 2019; Koranteng et al., 2023; Agyeman, 2012).

4.3. Urbanization

The world is becoming increasingly urbanized. United Nations Department of
Economic and Social Affairs, Population Division (2022) estimates that more
than 50% of world’s population resides in urban areas. In most of the developing
world, most people in the rural areas keep migrating to the urban/cities in search
for greener pasture to better their socio-economic life (Sekher & Govil, 2022).
Kumasi, the capital of Ashanti has seen a rapid increase in population from
562,000 (1986) through to 2,354,000 (2013) to 3,768,000 (2023) at an average of
3.8% growth rate (Sekher & Govil, 2022). The figures represent the urban accu-
mulation of Kumasi, which characteristically comprises Kumasi’s population
and adjoining districts. This study has confirmed that the built-up areas has in-
creased more than 500% within the study area. This shows that more people
from the rural areas have trooped in Kumasi and surrounding enclaves to expe-
rience city life and for improvement in economic condition. The comparatively
massive social amenities in cities induce the movement of people from rural area
to peri-urban areas. Most of these settlers reside in the periphery of the city
(Kumasi) because of high accommodation costs and overcrowding (Cobbinah &
Amoako, 2012). Unplanned urbanization because of rising economic activities
impacts large tracts of natural environment negatively (Owusu Ansah & Chigbu,
2020).

Shannon’s entropy determines how concentrated or dispersed the sprawl is
occurring in the study area (Yeh & Li, 2001; Sudhira et al., 2004). The entropy
value ranges from 0 to 1, with value 0 indicating sprawling concentrated on one
side and value approaching 1 when the sprawling is haphazardly dispersed
within the area. The values obtained indicated urban sprawl in study area.

The results from this study portray the urban expansion in study area as more
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sporadic and ribbon and reinforce an earlier paper by Cobbinah & Amoako
(2012). Shannon’s entropy values (Yeh & Li, 2001) showed less sprawl in 1986,
increased in 2013 and declined slightly in 2023. Conclusively posit that the urban
expansion is more dispersed within the study area. Fast and arbitrary built-up
expansion account for the urban sprawl.

Mishra et al. (2018) reckoned that trend analysis as granting a visual opening
to recognize likely directions of urban expansion. The results revealed the possi-
ble spatial trend of urbanization from the study area within the 37 years of re-
view. The loss in agricultural land is one of the direct consequences of rapid ur-
banization and population growth (Xie et al., 2005). It is true in this study as the
trend in urban growth has resulted into anthropogenic causes of farmland loss
and the decline in forest cover in the study area.

5. Conclusion

The world of today is faced with several environmental challenges caused by ei-
ther unavoidable natural or human-induced processes. However, anthropogenic
activities have led to rapid environmental changes, which have resulted in sever-
al negative consequences such as unbridled urbanization, deforestation, climate
change and food shortages. Consequently, an important component of envi-
ronmental planning and management is to be able to monitor these rates and
patterns of LULCC which are also related to environmental change.

Advanced RS and GIS procedures have provided excellent prospects and con-
firm substantial accomplishment in observing and overseeing LULCC.

The study has confirmed urbanization as the major factor of LULCC in the
study area. Anthropogenetic-associated actions triggered the alarming escalation
in built-up areas and the drastic decline of the farmlands and forested areas. It
has become obvious that study area exhibits a more prevalence urban sprawl
from the Shannon Entropy values computed. It is consequently, proposed that
policy interventions require concerted efforts and should be executed collabora-
tively from all key stakeholders including the regional administration, traditional
authorities, and central government to give extra impetus to the efforts in miti-
gating effect of these human induced changes to the LULC changes in Greater
Kumasi area to prevent further destruction and to protect the remaining biodi-
versity and the ecological services. It is of great importance to direct all efforts in

regulating and managing urban sprawl.
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