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Abstract 
Ghana like all countries in Sub-Saharan region of Africa have long been un-
dergoing intense land use land cover changes (LULCC) which have given rise 
to extensive forest loss (deforestation and degradation), loss of arable land 
and land degradation. This study assessed the past LULCC in the Atwima 
Nwabiagya which contains the Barekese and Owabi Headworks) and the old 
Kumasi Local Assemblies’ areas in Ghana and projected the scenario in 2040 
for business-as-usual (BAU). The synergies of satellite imagery of 1990, 2000, 
2010 and 2020 were classified with an overall accuracy of 90%. Markov Cel-
lular-Automata method was used to forecast the future LULC pattern after 
detecting main driving forces of LULCC. The findings showed an extensive 
increase in built up areas from 11% in 1990 to 39% in 2020 owing largely to 
23% decrease in forest cover and 6% decrease in agricultural lands within the 
past 30 years (1990-2020). The projected LULC under the BAU scenario for 
2040 showed built-up surge from 39% to 45% indicating additional forest loss 
from 43% in 2020 to 40% and decreasing agricultural land from 17% to 14%. 
The main driver for the LULCC is clearly anthropogenic driven as the human 
population in the study area keeps rising every censual year. This study ex-
emplifies the fast-tracked forest loss, loss of arable land and challenges on 
ecosystem sustainability of the Barekese-Owabi-Kumasi landscape. The cur-
rent and projected maps necessitate the apt implementation of suitable inter-
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ventions such as reforestation, protection measures and policy decision in de-
liberate land use planning to mitigate further loss of forest cover and safe-
guard the Barekese and Owabi headworks. 
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1. Introduction 

Rapid ecological changes and the consequent effects have engaged the attention 
and debate among academics and politicians globally (Shrivastava et al., 2020). 
Experimental analyses posit that human caused actions are the principal sources 
of environmental transformation because of increasing human population and 
developmental needs (Ahmed et al., 2019; Ahmad et al., 2020). Land use and 
land cover change (LULCC) is reckoned to be the key driver in the worsening 
destruction of the natural environment worldwide (Muhati et al., 2018; Koran-
teng et al., 2020). The changing aspects of anthropogenic land use and land cov-
er (LULC) variations have consequences for land use, management of the envi-
ronment and development in peri-urban areas which are characterized by in-
creasing human population (Alipbeki et al., 2020; Clerici et al., 2019). Sustaina-
ble development globally is heavily impacted by LULCC occurring at different 
areas of the earth (Tonini et al., 2018; Liu et al., 2022; Roy et al., 2022). Lambin & 
Meyfroidt (2010), Swette & Lambin (2021) advance that, there exist complex 
drivers of LULCC which emanate from the interaction between established pro-
gram, socio-economic systems and the human environment.  

Urbanization plays a vital role in economic development, improvement in so-
cial welfare and provides a measure of human development, however it has also 
been a key focus of intellectual and political considerations because of the ad-
verse influences on the natural environment locally and globally (Estoque et al., 
2021; Liang & Yang, 2019). Urbanization rate in Africa has exceeded all forecasts 
(Ritchie & Roser, 2018). Previously the African continent was deemed a rural 
one, but this narrative is fast changing (Förster & Ammann, 2018; Yatta, 2018). 
Urbanization in developing regions of the world especially for countries in Africa is 
typified by disorganized growth and amplified immigration (Magidi & Ahmed, 
2019; Smit, 2021). This situation is exacerbated by the discovery of mineral de-
posits at such places. The quest to live in developed cities has the propensity to 
drive an influx of people to neighbouring towns and cities triggering urban sprawl 
(Gougha & Yankson, 2000; Cooper, 2019; Korah et al., 2019). In Ghana for ex-
ample, the expansion of cities sprawling into out-of-town-peri urban zones has 
had detrimental effects on the natural environment by obstructing and altering 
local ecosystem activities, biogeochemical cycles and climate. Arable lands have 
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been lost due to the relocation of businesses and residential activities into country-
side areas that are at the edge of metropolitan areas in many countries (Acheam-
pong et al., 2018; Doe et al., 2022). 

The determination of spatio-temporal alterations and its plausible effect on 
the environment at the local, national and global scale are deliberated as remote 
sensing (RS) provides the means for quick data procurement of LULC data at 
comparatively lesser cost than ground survey techniques and gives time se-
quence data of LULC (Wulder et al., 2018; Koranteng et al., 2016). RS and geo-
graphic information systems (GIS) technologies offer cost-effective means for 
studying the LULCC dynamics and are nuseful for mapping, monitoring, and 
management of natural resources (Forkuor & Cofie, 2011; Giri, 2012; Halefom et 
al., 2018). RS and GIS methodology have been used for LULCC mapping and 
have showed fascinating outcomes and recommended some important policy 
proposals for ecological land management (Motlagh et al., 2020; Wang et al., 
2021).  

Data on LULCC dynamics thus is pivotal for sound environmental strategies 
and administration and provides a base line information necessary for accurate 
interpretation of historical LULC and the nature of variations to be envisaged in 
the future. This study investigates historical patterns of LULCC and assesses its 
causes that occurred from 1990-2020 and to forecast for 2040. 

2. Methodology 
2.1. Study Area 

The study area (Figure 1) falls in the Moist Semi-deciduous Northwest Forest 
type zone and includes the old Kumasi Metropolitan area and Atwima Nwa-
biagya District in the Ashanti Region. It has the Owabi-Barekese headworks. The 
Owabi-Barekese watershed is the main source of treated water for the Kumasi 
Metropolis and its surrounding communities. The Owabi (wildlife sanctuary  
 

 

Figure 1. Study area comprising the Kumasi Metropolitan Assembly, Asokore Mampong 
Municipal and Atwima Nwabiagya Municipal. 
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and a Ramsar Site) and Barekese catchment were designated in 1920 and 1972 
correspondingly through an Executive Instrument (Forestry Commission, 2014; 
Akoto et al., 2021). A forest cover within the catchment area was created to sa-
feguard recharge areas, prevent siltation and rapid evaporation of water in the 
reservoir as well as improve rainfall. The catchment area has rich diversity of 
vegetation and wildlife and supports critical ecosystem services (Forestry Com-
mission, 2014; Amuquandoh et al., 2011; Koranteng, 2017). 

2.2. Data and Software 

The major software employed in this study includes (Environmental Systems 
Research Institute (ESRI) ArcGIS 10.0, ERDAS Imagine and IDRISSI Selva. This 
study is based on the data sources listed in Table 1. 

2.3. Image Processing and Classification 

Preprocessing of satellite images is vital and seeks to harmonize data and the bi-
ophysical phenomena it signifies (Parsa et al., 2016). Pre-processing was done 
utilizing ArcGIS 10.0. All the images were re-sampled to 30 × 30 meter pixel res-
olution to make accurate analysis of the datasets and comparability possible. 

Five LULC categories—Close_forest, Open_forest, Agriculture, Built_up and 
Water (Table 2) were chosen and used in the image classification (supervised 
classification) based on the authors’ local knowledge of the study area and lite-
rature (Koranteng et al., 2020; Frimpong & Molkenthin, 2021). Random Forest 
Algorithm was employed to allocate pixels to their classes since the random fo-
rests are not limited by statistical assumptions. 
 
Table 1. Satellite data used for LULC classification and reference data. 

EO Data 
Acquisition 

date 
Resolution Source 

Landsat TM December, 1990 30 m USGS EROS Centre 

Landsat ETM+ March, 2000 30 m USGS EROS Centre 

DMC 
(Disaster Management 

Constellation) 
January, 2010 22 m 

Forestry Commission, 
Ghana 

Sentinel Image January, 2020 10 m USGS EROS Centre 

Reference Data 
   

Topographical Map 2012 1:50,000 
Survey & Mapping 

Division, Ghana 

Aerial Photographs 2010 1:10,000 
Survey & Mapping 

Division, Ghana 

Land Cover Map 1990 & 2000 1:10,000 
CERGIS, 

University of Ghana 
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Table 2. Classification scheme of LULC used in this study. 

Land use Class Feature 

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

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

Agriculture Cultivated land and harvested croplands and pastures. 

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

Water Rivers, streams, reservoirs, ponds, and lakes. 

2.4. Random Forest Classifier 

The Random Forest technique uses the construction of trees to classify satellite 
image data (Breiman, 2001). The algorithm has a lower computational time and 
a higher classification accuracy (Rodriguez-Galiano et al., 2012; Inglada et al., 
2015). The spectral bands were the input data, and the LULC class with the most 
segments was the output. Due to the independence of each tree, training and 
testing were carried out simultaneously (Figure 2) (Breiman, 2001). Given a 
collection of multispectral images (spectral bands), denoted as X1, X2, …, Xn, 
where n denoted the sample count and L denoted the number of features, While 
“z” was the link between sample “I” and sample “xj,” where “z” Z = “1, −1,” “Xi” 
indicated the position of sample I in the space “RL × n.” Z = 1 if xi and xj be-
longed to the same class. 

Tree-structured predictors are present in the random forest. The collaboration 
formula for the kth tree was fk(x) = f(x, k), where f(x, k) was a tree that grew in 
size as the training set and random vector k did, capturing the tree’s many sto-
chastic building blocks. Each tree cast a vote for the most popular LULC class, 
and the k was independent and evenly distributed (Breiman, 2001). 

For a sample, the probability of correctly predicting class “z” was 

( ) ( )1

1| |kk
KP z x P z x

K =
= ∑                     (1) 

where Pk(z|x) was the projected density of class labels of the kth tree and K was 
the number of trees in the forest. As illustrated the decision function of the for-
est is given as 

( ) ( )arguments of the maxima |
j Z

C x P j x
∈

=  

The margin function for the RF was 

( ) ( ) ( )max, | |
j Z
j z

ml x z P z x P j x
∈
≠

= −                  (2) 

If ml(x, z) > 0, might result the correct classification. The value of generaliza-
tion error is limited as Random Forest can regulate without increasing the trees  
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Figure 2. Random forest classifier. 
 
(Amit & Geman, 1997; Ye et al., 2013). The convergence function at this point 
can be explained as;  

( ) ( ) ( )max, | | 0
j Z
j z

ml x z P z x P j x
∈
≠

= − <                 (3) 

indicating that the generalization error decreases as the number of trees grows. 
The generalization error was given an upper bound by 

( )2 21PE s s≤ ρ −                         (4) 

where s is the strength of the set of f(x, k), PE is the generalization error, and is 
the average value ( ρ ) of the tree correlation. 

The generalization error of the RF converged to a fixed value once there were 
enough trees in the forest. Each tree produced a “yes” or “no” vote from the RF 
(Figure 2). 

2.5. Accuracy Assessment 

Accuracy assessment was performed on the 2020 satellite image, an assessment 
report was produced as Confusion Matrix (Table 3). For 1990, 2000 and 2010, 
these classified images were validated using ancillary data (Table 1).  

2.6. LULC Change Detection Analysis 

LULCC post-classification detection method adopted using the ERDAS Imagine, 
which entailed using two classified images to make a comparison to produce change 
information. Consequently, the differences between two images represent the 
change. The extent of change and percentage of changes can be stated in a 
straightforward formulation as used by Mahmud & Achide (2012) and Hua 
(2017): 

K F I= −                            (5) 
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Table 3. Confusion matrix. 

OID Class Value Close forest Open forest Agriculture 
Built 

up 
Water Total 

User 
Accuracy 

Kappa 

0 Close forest 48 2 0 0 0 50 0.96 0 

1 Open forest 2 47 1 0 0 50 0.94 0 

2 Agriculture 1 0 49 0 0 50 0.98 0 

3 Built-up 0 0 0 50 0 50 1 0 

4 Water 0 0 0 0 50 50 1 0 

5 Total 51 49 50 50 50 250 0 0 

6 Producer Accuracy 0.94 0.96 0.98 1 1 0 0.98 0 

7 Kappa 0 0 0 0 0 0 0 0.97 

 

( ) 2

100
2!

F I x
A

I
−

= ×                         (6) 

where K is extent of changes, A represent the percentage of changes, F is first 
data, and I is reference data.  

Prognostication of LULC changes for 2040 used IDRISI Selva. This research 
utilized LULC methods in RS to ascertain differences and explain the percentage 
of LULC changes in that time, along with the approximation for the subsequent 
30 years. 

2.7. Markov Chain Model Analysis 

Markov chains are stochastic processes (Caraka et al., 2019; Nemeth & Fearn-
head, 2021; Shepero & Munkhammar, 2018) and the matrices indicate variations 
between land use types (premised on the assumption of perpetuation of past de-
velopment) (Ghalehteimouri et al., 2022; Rahnama, 2021) and are often em-
ployed in simulation variations and developments of LULC (Chang et al., 2021; 
Sobhani et al., 2021). The consistency of Markov model for projection of LULC 
alterations can be accurately described in this mathematical way (Subedi et al., 
2013; Okwuashi & Ndehedehe, 2021; Das & Sarkar, 2019): 

( ) ( )1 ijt tL P L+ = ×                          (7) 

11 12 1

21 22 2

1 2

m

ij m

m m mm

P P P
P P P P

P P P

 
 =  
  

                      (8) 

where L(t) and L(t+1) represent land use status at time t and t + 1 respectively. In-
cluding 

1 1m
ijj P

=
=∑  (i, j = 1, 1, 2, m) is the transition probability matric in a 

given state. 
In this paper, 2010 and 2020 maps were used in Markov chain model to create 

the transition matrix changes between the existing 10 years, and the process is 
repeated onto map 2040 for upcoming land use to obtain the transition matrix 
changes in IDRISI Selva v.17 environment. 
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2.8. Cellular Automata (CA) 

Ulam and Von Neumann in the 1940s originally proposed Cellular Automata 
(CA) for usage in land use changes theoretical study (Nugraheni & Natali, 2018; 
Xing et al., 2020). CA fundamental theory is summarized as the land use mod-
ifications for any place (cells) can be clarified by the present state and variations 
in neighboring cells (Mansour et al., 2020; Noszczyk, 2019). 

2.9. Markov-CA Chain Model 

Markov Chain and CA models are reckoned as valuable for predicting land use 
changes (de Oliveira Barros et al., 2018; Munthali et al., 2020). The Markov-CA 
model employs Markov Chain outputs to utilize a contiguity filter to facilitate 
the advancement of other land use types from one time to another (Parsa et al., 
2016). CA then advances a not random spatial weighting on the places which 
have approximately the same features to the existing land use category based on 
classes (Subedi et al., 2013). Consequently, Markov-CA model is deemed a vi-
gorous tool as it provides temporal, spatial and quantitative estimation and 
LULC dynamics in modeling for the future (Mishra & Rai, 2016; Subedi et al., 
2013). 

Figure 3 summaries the flowchart of the study. 
 

 

Figure 3. Methodology flowchart implemented in the study. 
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3. Results 
3.1. Image Classification and Accuracy Assessment 

LULC maps generated for the years1990, 2000, 2010 and 2020 from supervised 
classification which used the categories Closed Forest, Open Forest, Agriculture, 
Built-up and Water are shown in Figure 4. Foody (2002); Behera et al. (2012) 
theorize that accuracy assessment is vital when post classification change detec-
tion method is employed. The accuracy assessment conducted on the LULC Map 
2020 is shown in Table 3. 98% represented the total classification accuracy and 
0.97 achieved as the overall Kappa statistics. For the epoch years 1990, 2000, 
2010, topographical map, aerial photograph, land cover map, digitized topo-
graphical data photographs, data and reference points from statutory bodies 
such as the Forestry Commission and Survey Department of the Republic of 
Ghana were used to check for accuracy assessment averaging 90%. 

3.2. LULC Maps 

In 1990 map, the entire area was covered by forest predominantly, open forest 
(58.31%) with close forest (7.85%). Aside from forest cover, agricultural lands  
 

 

Figure 4. LULC maps for the Epoch years. 
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occupied 22.52% with the urban/built-up areas covering 11.15% whilst the wa-
terbodies occupied a marginal 0.17% of the total area of 81838.9 ha. In the year 
2000, both the close and open forest experienced reductions whilst agricultural 
lands increased. However, a substantial increase in built-up areas was observed. 
Waterbodies category experienced increases from 0.17% (1990) to 0.49% (2000). 
There was a rise in both the close and open forests in 2010. Conversely, agricul-
tural lands decreased significantly but built-up areas also increased. The water-
bodies again increased marginally in 2010. In the last year of study (2020), there 
was an increase in the close forest contrary to open forests that decreased. How-
ever, the dwindling of agricultural lands continued. Nonetheless, there was a 
substantial rise in the built-up areas (Table 4 and Figure 4). 

3.3. Change Detection Analysis 

The close forest decreased from 1990 to 2000 but increased from 2000 to 2020. 
Averagely within the study period, the close forest decreased by 1.95%. The open 
forest decreased from 1990 to 2000 but there was an increase from 2000 to 2010. 
There was once again a decrease from 2010 to 2020. Generally, there was a de-
crease of −20.82% from 1990 to 2020. There was an increase from 1990 to 2000 
agriculture class. On the other hand, a reduction in agricultural lands was ob-
served from 2000 to 2020. Largely there was a decrease from 1990 to 2020 
(−5.14%). The built-up areas intensified throughout the study period. In the case 
of the waterbodies, there was an increase from 1990 to 2010. It decreased from 
2010 to 2020. Furthermore, there was an overall increase of 0.27% in the water-
bodies (Table 5 and Figure 5 and Figure 6).  

3.4. LULC Prediction Model and 2040 LULC Simulated Map 

The simulated 2020 LULC map showed slight variation in the distribution and 
values compared to the actual 2020 LULC map (Table 6). This result indicated a 
very robust method for LULC map stimulation as there were marginal differ-
ences. The Statistical evaluation based on the Kappa coefficient was used to  
 
Table 4. Quantification of land use land cover classes. 

LULC 
CLASS 

1990 2000 2010 2020 

Area 
(ha) 

Area 
(%) 

Area 
(ha) 

Area 
(%) 

Area 
(ha) 

Area 
(%) 

Area 
(ha) 

Area 
(%) 

Close_forest 6422.98 7.85 3314.02 4.05 3665.66 4.48 4825.12 5.90 

Open_forest 47721.4 58.31 32395 39.58 37513 45.84 30682 37.49 

Agriculture 18433.5 22.52 27248.4 33.30 17824.2 21.78 14230.9 17.39 

Built_up 9122.12 11.15 18477.5 22.58 22353.2 27.31 31740.4 38.78 

Water 138.9 0.17 403.98 0.49 482.84 0.59 360.48 0.44 

Total 81838.9 100.00 81838.9 100.00 81838.9 100.00 81838.9 100.00 
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Figure 5. LULCC maps for 1990-2000, 2000-2010 & 2000-2020. 
 

 

Figure 6. LULC change in Hectares. 
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Table 5. Change detection 1990-2000, 2000-2010 and 2010-2020 for Greater Kumasi. 

LULCC Area 
1990-2000 2000-2010 2010-2020 1990-2020 

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

Close_forest −3108.96 −3.80 351.64 0.43 1159.46 1.42 −1597.86 −1.95 

Open_forest −15326.40 −18.73 5118 6.25 −6831 −8.35 −17039.40 −20.82 

Agriculture 8814.90 10.77 −9424.2 −11.52 −3593.3 −4.39 −4202.60 −5.14 

Built_up 9355.38 11.43 3875.7 4.74 9387.2 11.47 22618.28 27.64 

Water 265.08 0.32 78.86 0.10 −122.36 −0.15 221.58 0.27 

Total Area 
of Changes 

36870.72 45.05 18848.4 23.03 21093.32 25.77 45679.72 55.82 

 
Table 6. Comparison of actual and projected LULC types in 2020. 

LULC CLASS 

Actual Stimulated 

Area 
(ha) 

Area 
(%) 

Area 
(ha) 

Area 
(%) 

Closed Forest 4825.12 5.90 4775.45 5.84 

Open Forest 30682.00 37.49 30654.33 37.46 

Agriculture 14230.90 17.39 14125.34 17.26 

Built_up 31740.40 38.78 31912.30 38.99 

Water 360.48 0.44 371.48 0.45 

Total 81838.90 100.00 81838.90 100.00 

 
measure the overall agreement of the matrix, the ratio diagonal values’ summa-
tion versus the total number of pixel counts within the matrix and the non-di- 
agonal elements would be the best approach to assess the model accuracy (Ar-
sanjani et al., 2013). The accuracy assessment obtained K values (Kstandard = 
0.7595; K no = 0.8913; K location = 0.8841; KlocationStrata = 0.8241). These 
values agree with Monserud & Leamans (1992) standard values stipulate that a 
kappa value of 75% or greater indicates excellent classifier performance, as 40% 
value or less than is poor. 

The simulated LULC map for 2040 is shown in Table 7 and Figure 7. The 
cumulative forest category (Close and Open forests) had dwindled as the area 
has largely been transformed into built-up. Agriculture class decreased as trans-
formed into built-up. Built-up areas and water increased to 45.15% and 0.61% 
respectively. Built-up category assumed the highest LULC class of the total area 
in 2040. 
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Table 7. 2040 Quantification of land use land cover classes. 

LULC CLASS 

2040 

Area 
(ha) 

Area 
(%) 

Closed Forest 3002.46 3.67 

Open Forest 29461.60 36.00 

Agriculture 11921.8 14.57 

Built_up 36952.9 45.15 

Water 500.14 0.61 

Total 81838.9 100.00 

 

 

Figure 7. 2040 predicted LULC map. 
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4. Discussion 
4.1. Satellite Image Classification and Accuracy Assessment 

The RFC utilized for the classification of satellite images and the efficiency of 
this algorithm as used in the works of (Frimpong & Molkenthin, 2021; Nya-
mekye et al., 2021) was superior, when contrasted with the traditional classifiers 
used in the classification satellite images. The kappa, producer and user accura-
cies yielded satisfactory results and agreed with works by Abass et al. (2018); Buo 
et al. (2021).  

4.2. LULCC Trajectory 

The LULC maps showed that most built-up areas were in the south-eastern parts 
of the study areas in the Kumasi metropolis, which is almost completely de-
nuded of natural vegetation. The diminishing agricultural lands could be as-
cribed to the heightened demand for lands for commercial centres and residen-
tial areas. The analysis of LULC revealed that forestlands have been subjected to 
intense pressure due to anthropogenic activities (Frimpong, 2015). The conver-
sion of forestlands and agricultural lands into urban/built-up areas is considered 
rewarding in the Ghanaian setting (Abass et al., 2018; Buo et al., 2021; Wemegah 
et al., 2020). The rapid rise in the population is a perculiar reason that could 
have caused the growth in the built-up areas, and it endorsed by the outcome of 
the study of (Ghana Statistical Service (GSS), 2013; Addae & Oppelt, 2019). The 
results support the findings in previous literature that the research utilized the 
same LULC classes in earlier works (Frimpong & Molkenthin, 2021; Koranteng 
et al., 2015). The populace living in the peri-urban areas tends to rely on forest 
resources for sustenance (Cobbinah et al., 2020). It was found out that forest-
lands are the foremost to be transformed to built-up areas. This outcome is 
supported by the work of (Frimpong, 2015). Consequently, urban spatial growth 
is largely attributed to the comparatively lower prices of land at the urban fringes 
for residential purposes (Wellington, 2009). This could be the reason for the ur-
ban/built-up areas growing outwards from the already existing urban/built-up 
centers. 

4.3. Forest Loss and Other of the LULC Changes 

The forest cover (especially the Open Forest category) was the most depleted 
LULC category under the study period. Forest loss has always been a crucial 
problem in Ghana even before independence due of the different forces behind 
it (Benneh & Agyepong, 1990). Forest lands forcefully appropriated from indi-
genous landowners and families for various reasons by the colonial master’s for-
est policies led to the wanton exploiting the forest cover haphazardly (Agbosu, 
1983). After independence (1960-1970), deforestation was intensified due to the 
cultivation of cocoa as an export product (Dei, 1992). From 1981 to 1985 timber 
had become the primary driver of deforestation as it was the third largest export 
article of trade providing 5% - 7% of Gross Domestic Product (GDP), (Interna-

https://doi.org/10.4236/gep.2023.113004


A. Koranteng et al. 
 

 

DOI: 10.4236/gep.2023.113004 58 Journal of Geoscience and Environment Protection 
 

tional Institute for Environment and Development (IIED), 1987; Owusu, 2010). 
The period 2003-2013 has been characterized by plantation establishments which 
resulted in incremental surge in the annual rate of forestlands loss (Davis & Phi-
lips, 2005; Afele et al., 2022). The period 2013-2022 has experience intensifica-
tion of forest loss due to unbridled urbanization (Kyere-Boateng & Marek, 2021; 
Ofori et al., 2022).  

Anthropogenic activities and actions are the immediate causes of loss (defore-
station and forest degradation). The underlying forces and causes of forest loss 
are multi-faceted, complex and differ from place to place. The drivers of the 
rapid LULC in the study are largely attributed to unbridled urbanization, Popu-
lation growth and Settlement, Infrastructural Development, Mining and Unsus-
tainable Agricultural Practices. 

4.3.1. Unbridled Urbanization 
Unbridled urbanization is witnessed in the study area as depicted by the LULC 
maps for the epoch years. Clearly the Kumasi metropolis has expended in all di-
rection and small towns in the study area keep increasing in all direction (Cob-
binah et al., 2020; Akubia & Bruns, 2019; Agyemang et al., 2019). This develop-
ment has serious ramification on other critical LULC such forests arable land 
and water resources (Bawa et al., 2022; Appiah et al., 2019; Obeng-Gyasi, 2022). 
The continues and uncontrolled urbanization have serious effects water supply 
systems as forests which protect rivers and streams (source of water to the Bare-
kesses and Owabi Dams) are polluted or dried up. There are several studies that 
supports this assertion in the study area (Antwi-Agyei et al., 2019; Ayesu et al., 
2021; Forkuo et al., 2021). 

Unrestrained urbanization in the study area traces its origin to the connection 
between the inherited colonial official land administration and post-colonial 
policies. The supplanting of native land tenure system with variations of Euro-
pean ones led in the commodification of land and establishment of uncontrolled 
land use actions. The planning ramifications have been huge, leading to the dis-
connect amid post-colonial land reorganization rules and local land use deci-
sions. Other challenges involve the intra and inter-community land use changes 
as indigenous players fight with government officials over land decisions. Con-
sequently, there is a diminished national capability to enforce land use activities 
within Africa’s liberalized land markets (Onodugo & Ezeadichie, 2019; Adeyanju 
et al., 2021; Boateng, 2020).  

4.3.2. Population Growth and Settlement and Infrastructural  
Development 

Ghana’s population over every censual year is always on the rise (Table 8). 
Ashanti region has the highest population in all censual years and Kumasi being 
the regional capital and its adjourning districts contains most of the population. 
The rapid increase in population of the study area has serious ramifications for 
the provision of urban land for housing, infrastructural and other social ameni-
ties provision (Ghana Statistical Service (GSS), 2022). The loss of forest lands in  
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Table 8. Ghana’s population and Ashanti region shares, 1960-2021 (Ghana Statistical 
Service (GSS), 2022). 

Year 
Total (Ghana) Ashanti 

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 19.4 

2021 30,832,019 100.00 5,440,463 17.6 

Source: Ghana statistical service. 
 
the study area is largely attributed to the enlargement of urban, into the rural 
areas for the construction of roads and other infrastructural development. Thes-
es remove land vegetation as parcels of lands are cleared to make way for the in-
creasing population. The surging population growth acting in sync with domes-
tic migration is responsible for the surging rates of forest loss and degradation. 
The cost of acquiring pieces of plots of land has increased astronomically, and 
peasant farmers are being forced out due to economic pressures. When popula-
tion upsurges, there is the corresponding demand for land, to expand settlement 
infrastructure and other utilities (Abass et al., 2020; Takyi et al., 2021; Ayambire 
et al., 2019).  

4.3.3. Mining 
Active gold mining sites were detected in the area of study (especially in the At-
wima Nwabiagya district). Land degradation and environmental problem from 
the extraction of natural resources and associated activities have been significant 
in Ghana in recent decades (Nti, 2020; Asabere, 2020). The negative impact of 
mining activities on the environment and health is well documented (Nti, 2020; 
Antwi-Agyei et al., 2019; Frimpong Addo, 2019). Mining is a great factor of de-
forestation and land degradation, especially, gold prospecting and mining present 
one of the greatest national threats to forests reserves and indigenes in sur-
rounding communities (Siqueira-Gay et al., 2020; Timsina et al., 2022). Surface 
mining operations are predominantly practiced, and their operations extensively 
promote the destruction of natural vegetation, economic trees and cash crops. 
Water resources and watershed from the forest environment are heavily pol-
luted, posing danger to the drinking water sources for the rural communities 
(Worlanyo & Li, 2021; Ogidi & Akpan, 2022; Koranteng et al., 2018). 

4.3.4. Unsustainable Agricultural Practices 
Although there was a decreasing trend in agricultural activities in the study area, 
some forest loss could be attributed to the farming activities. Unsustainable 
agricultural practices were widespread in the study area. The slash and burn of 

https://doi.org/10.4236/gep.2023.113004


A. Koranteng et al. 
 

 

DOI: 10.4236/gep.2023.113004 60 Journal of Geoscience and Environment Protection 
 

forest cover for farming rises every year in Ghana and the extended fallows ne-
cessary for the forest to regenerate fully are impractical owing to the ever-in- 
creasing population (Table 8). World market demand for cash crops like cocoa, 
tobacco, coffee, oil-palm and cashew exacerbate the (Ministry of Lands Forestry 
and Mines, 2012).  

4.4. LULC Projection for the 2040 

The Markov-CA model employed in this research was observed to be satisfacto-
ry and agrees with other studies (Hasan et al., 2020; Fitawok et al., 2020; Kush-
waha et al., 2021). The Kappa value of 85% was achieved in accuracy assessment. 
The result is supported by several papers and is indicative of a robust model 
(Rwanga & Ndambuki, 2017; Mondal et al., 2016; Kaul & Sopan, 2012). Howev-
er, the prognosis for 2040 is not encouraging for forest cover protection. This 
result is indicative of an unbridled urbanization and agrees with earlier study by 
Koranteng & Zawila-Niedzwiecki (2015) in the Ashanti Region of Ghana where 
Built-up class surge was very intense and buttressed by studies from Cobbinah et 
al. (2015) and Obeng-Odoom (2014) which states that Ghana’s population tend 
to amass in urban areas. 

5. Conclusion 

This study exemplified the effectiveness of satellite images for insights into the 
observation and appraising of LULC at the Owabi-Barekese headworks catch-
ment area and the Kumasi Metropolis in Ghana from 1990 to 2020 using remote 
sensing and GIS techniques. The image classification was achieved using the RF 
algorithm. The research showed that the RF algorithm is a good classifier. 

The study exposed an increasing trend in unbridled urbanization in the study 
period from1990 to 2020. The conversion from forest and agriculture to built-up 
land was the predominant LULC patterns. Forest cover surrounding the Bare-
kese and Owabi Headworks are relatively intact. But forest beyond these pro-
tected zones have been significantly depleted and transformed into other land 
uses. 2040 LULC projected map showed a decreased forest land indication both 
deforestation and degradation. The study buttresses Markov-CA model is an 
expedient technique for LULC future estimation. 

The analysis of both the historical and future stimulated of LULC maps indi-
cates a very disturbing trend. This suggests that land use policies should be obli-
gatory to curb the widespread obliteration of the greenery in the study area and 
to protect the source of portable drinking water. 

Acknowledgements 

The authors thank the USGS for the provision of the free satellite images used in 
this work, Forestry Commission, Ghana and Survey & Mapping Division, Ghana.  

Conflicts of Interest 
The authors declare no conflicts of interest regarding the publication of this paper. 

https://doi.org/10.4236/gep.2023.113004


A. Koranteng et al. 
 

 

DOI: 10.4236/gep.2023.113004 61 Journal of Geoscience and Environment Protection 
 

References 
Abass, K., Adanu, S. K., & Agyemang, S. (2018). Peri-Urbanisation and Loss of Arable 

Land in Kumasi Metropolis in Three Decades: Evidence from Remote Sensing Image 
Analysis. Land Use Policy, 72, 470-479.  
https://doi.org/10.1016/j.landusepol.2018.01.013 

Abass, K., Buor, D., Afriyie, K., Dumedah, G., Segbefi, A. Y., Guodaar, L. et al. (2020). 
Urban Sprawl and Green Space Depletion: Implications for Flood Incidence in Kumasi, 
Ghana. International Journal of Disaster Risk Reduction, 51, Article ID: 101915.  
https://doi.org/10.1016/j.ijdrr.2020.101915 

Acheampong, M., Yu, Q., Enomah, L. D., Anchang, J., & Eduful, M. (2018). Land Use/Cover 
Change in Ghana’s Oil City: Assessing the Impact of Neoliberal Economic Policies and 
Implications for Sustainable Development Goal Number One—A Remote Sensing and 
GIS Approach. Land Use Policy, 73, 373-384.  
https://doi.org/10.1016/j.landusepol.2018.02.019 

Addae, B., & Oppelt, N. (2019). Land-Use/Land-Cover Change Analysis and Urban 
Growth Modelling in the Greater Accra Metropolitan Area (GAMA), Ghana. Urban 
Science, 3, Article No. 26. https://doi.org/10.3390/urbansci3010026 

Adeyanju, S., O’connor, A., Addoah, T., Bayala, E., Djoudi, H., Moombe, K. et al. (2021). 
Learning from Community-Based Natural Resource Management (CBNRM) in Ghana 
and Zambia: Lessons for Integrated Landscape Approaches. International Forestry Re-
view, 23, 273-297. https://doi.org/10.1505/146554821833992776  

Afele, J. T., Nimo, E., Lawal, B., & Afele, I. K. (2022). Deforestation in Ghana: Evidence 
From Selected Forest Reserves Across Six Ecological Zones. International Journal of 
Forest, Animal And Fisheries Research, 6, 7-17. https://doi.org/10.22161/ijfaf.6.1.2 

Agbosu, L. K. (1983). The Origins of Forest Law and Policy in Ghana during the Colonial 
Period. Journal of African Law, 27, 169-187.  
http://journals.cambridge.org/abstract_S0021855300013218  
https://doi.org/10.1017/S0021855300013218 

Agyemang, F. S., Silva, E., & Poku-Boansi, M. (2019). Understanding the Urban Spatial 
Structure of Sub-Saharan African Cities Using the Case of Urban Development Pat-
terns of a Ghanaian City-Region. Habitat International, 85, 21-33.  
https://doi.org/10.1016/j.habitatint.2019.02.001 

Ahmad, M., Jiang, P., Majeed, A., Umar, M., Khan, Z., & Muhammad, S. (2020). The Dy-
namic Impact of Natural Resources, Technological Innovations and Economic Growth on 
Ecological Footprint: An Advanced Panel Data Estimation. Resources Policy, 69, Ar-
ticle ID: 101817. https://doi.org/10.1016/j.resourpol.2020.101817 

Ahmed, Z., Wang, Z., Mahmood, F., Hafeez, M., & Ali, N. (2019). Does Globalization In-
crease the Ecological Footprint? Empirical Evidence from Malaysia. Environmental 
Science and Pollution Research, 26, 18565-18582.  
https://doi.org/10.1007/s11356-019-05224-9 

Akoto, O., Adopler, A., Tepkor, H. E., & Opoku, F. (2021). A Comprehensive Evaluation 
of Surface Water Quality and Potential Health Risk Assessments of Sisa River, Kumasi. 
Groundwater for Sustainable Development, 15, Article ID: 100654.  
https://doi.org/10.1016/j.gsd.2021.100654 

Akubia, J. E., & Bruns, A. (2019). Unravelling the Frontiers of Urban Growth: Spa-
tio-Temporal Dynamics of Land-Use Change and Urban Expansion in Greater Accra 
Metropolitan Area, Ghana. Land, 8, Article No. 131.  
https://doi.org/10.3390/land8090131 

Alipbeki, O., Alipbekova, C., Sterenharz, A., Toleubekova, Z., Aliyev, M., Mineyev, N., & 

https://doi.org/10.4236/gep.2023.113004
https://doi.org/10.1016/j.landusepol.2018.01.013
https://doi.org/10.1016/j.ijdrr.2020.101915
https://doi.org/10.1016/j.landusepol.2018.02.019
https://doi.org/10.3390/urbansci3010026
https://doi.org/10.1505/146554821833992776
https://doi.org/10.22161/ijfaf.6.1.2
http://journals.cambridge.org/abstract_S0021855300013218
https://doi.org/10.1017/S0021855300013218
https://doi.org/10.1016/j.habitatint.2019.02.001
https://doi.org/10.1016/j.resourpol.2020.101817
https://doi.org/10.1007/s11356-019-05224-9
https://doi.org/10.1016/j.gsd.2021.100654
https://doi.org/10.3390/land8090131


A. Koranteng et al. 
 

 

DOI: 10.4236/gep.2023.113004 62 Journal of Geoscience and Environment Protection 
 

Amangaliyev, K. (2020). A Spatiotemporal Assessment of Land Use and Land Cover 
Changes in Peri-Urban Areas: A Case Study of Arshaly District, Kazakhstan. Sustaina-
bility, 12, Article No. 1556. https://doi.org/10.3390/su12041556 

Amit, Y., & Geman, D. (1997). Shape Quantization and Recognition with Randomized 
Trees. Neural Computation, 9, 1545-1588. https://doi.org/10.1162/neco.1997.9.7.1545 

Amuquandoh, F. E., Boakye, K. A., & Mensah, E. A. (2011). Ecotourism Experiences of 
Intemational Visitors to the Owabi Wildlife Sanctuary, Ghana. Ghana Journal of Geo-
graphy, 3, 250-284. 

Antwi-Agyei, P., Kpenekuu, F., Hogarh, J. N., Obiri-Danso, K., Abaidoo, R. C., Jeppesen, 
E., & Andersen, M. N. (2019). Land Use and Land Cover Changes in the Owabi Reser-
voir Catchment, Ghana: Implications for Livelihoods and Management. Geosciences, 9, 
Article No. 286. https://doi.org/10.3390/geosciences9070286 

Appiah, D. O., Asante, F., & Nketiah, B. (2019). Perspectives on Agricultural Land Use 
Conversion and Food Security in Rural Ghana. Sci, 1, Article No. 14.  
https://doi.org/10.3390/sci1010014.v1 

Arsanjani, J. J., Helbich, M., Kainz, W., & Boloorani, A. D. (2013). Integration of Logistic 
Regression, Markov Chain and Cellular Automata Models to Simulate Urban Expan-
sion. International Journal of Applied Earth Observation and Geoinformation, 21, 
265-275. https://doi.org/10.1016/j.jag.2011.12.014 

Asabere, S. B. (2020). Urbanisation, Land Use and Soil Resource: Spatio-Temporal Ana-
lyses of Trends and Environmental Effects in Two Metropolitan Regions of Ghana 
(West Africa). Ph.D. Thesis, Georg-August University of Goettingen. 

Ayambire, R. A., Amponsah, O., Peprah, C., & Takyi, S. A. (2019). A Review of Practices 
for Sustaining Urban and Peri-Urban Agriculture: Implications for Land Use Planning 
in Rapidly Urbanising Ghanaian Cities. Land Use Policy, 84, 260-277.  
https://doi.org/10.1016/j.landusepol.2019.03.004 

Ayesu, S., Barnes, V. R., & Agbenyega, O. (2021). Threats of Changes in Land-Use and 
Drivers on Owabi and Barekese Watershed Forests in Ghana. International Journal of 
Applied Geospatial Research (IJAGR), 12, 1-18.  
https://doi.org/10.4018/IJAGR.2021070101 

Bawa, S. A., Antwi-Agyei, P., & Domfeh, M. K. (2022). Impact of the Ban on Illegal Min-
ing Activities on Raw Water Quality: A Case-Study of Konongo Water Treatment 
Plant, Ashanti Region of Ghana. Journal of Sustainable Mining, 21, Article 1.  
https://doi.org/10.46873/2300-3960.1349 

Behera, M. D., Borate, S. N., Panda, S. N., Behera, P. R., & Roy, P. S. (2012). Modelling 
and Analyzing the Watershed Dynamics Using Cellular Automata (CA)-Markov Mod-
el—A Geo-Information Based Approach. Journal of Earth System Science, 121, 1011-1024.  
https://doi.org/10.1007/s12040-012-0207-5  

Benneh, G., & Agyepong, G. T. (1990). Land Degradation in Ghana. C Food Production 
and Rural Development Division, Commonwealth Secretariat, University of Ghana. 

Boateng, F. G. (2020). Building Collapse in Cities in Ghana: A Case for a Historical-Insti- 
tutional Grounding for Building Risks in Developing Countries. International Journal 
of Disaster Risk Reduction, 50, Article ID: 101912.  
https://doi.org/10.1016/j.ijdrr.2020.101912 

Breiman, L. (2001). Random Forests. Machine Learning, 45, 5-32.  
https://doi.org/10.1023/A:1010933404324 

Buo, I., Sagris, V., Burdun, I., & Uuemaa, E. (2021). Estimating the Expansion of Urban 
Areas and Urban Heat Islands (UHI) in Ghana: A Case Study. Natural Hazards, 105, 
1299-1321. https://doi.org/10.1007/s11069-020-04355-4 

https://doi.org/10.4236/gep.2023.113004
https://doi.org/10.3390/su12041556
https://doi.org/10.1162/neco.1997.9.7.1545
https://doi.org/10.3390/geosciences9070286
https://doi.org/10.3390/sci1010014.v1
https://doi.org/10.1016/j.jag.2011.12.014
https://doi.org/10.1016/j.landusepol.2019.03.004
https://doi.org/10.4018/IJAGR.2021070101
https://doi.org/10.46873/2300-3960.1349
https://doi.org/10.1007/s12040-012-0207-5
https://doi.org/10.1016/j.ijdrr.2020.101912
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1007/s11069-020-04355-4


A. Koranteng et al. 
 

 

DOI: 10.4236/gep.2023.113004 63 Journal of Geoscience and Environment Protection 
 

Caraka, R. E., Chen, R. C., Toharudin, T., Pardamean, B., Yasin, H., & Wu, S. H. (2019). 
Prediction of Status Particulate Matter 2.5 Using State Markov Chain Stochastic Process 
and HYBRID VAR-NN-PSO. IEEE Access, 7, 161654-161665.  
https://doi.org/10.1109/ACCESS.2019.2950439 

Chang, X., Zhang, F., Cong, K., & Liu, X. (2021). Scenario Simulation of Land Use and 
Land Cover Change in Mining Area. Scientific Reports, 11, Article No. 12910.  
https://doi.org/10.1038/s41598-021-92299-5 

Clerici, N., Cote-Navarro, F., Escobedo, F. J., Rubiano, K., & Villegas, J. C. (2019). Spa-
tio-Temporal and Cumulative Effects of Land Use-Land Cover and Climate Change on 
Two Ecosystem Services in the Colombian Andes. Science of the Total Environment, 
685, 1181-1192. https://doi.org/10.1016/j.scitotenv.2019.06.275 

Cobbinah, P. B., Erdiaw-Kwasie, M. O., & Amoateng, P. (2015). Africa’s Urbanisation: 
Implications for Sustainable Development. Cities, 47, 62-72.  
https://doi.org/10.1016/j.cities.2015.03.013 

Cobbinah, P. B., Gaisie, E., Oppong-Yeboah, N. Y., & Anim, D. O. (2020). Kumasi: To-
wards a Sustainable and Resilient Cityscape. Cities, 97, Article ID: 102567.  
https://doi.org/10.1016/j.cities.2019.102567 

Cooper, F. (2019). Africa since 1940: The Past of the Present (Vol. 13). Cambridge Uni-
versity Press. https://doi.org/10.1017/9781108672214 

Das, S., & Sarkar, R. (2019). Predicting the Land Use and Land Cover Change Using 
Markov Model: A Catchment Level Analysis of the Bhagirathi-Hugli River. Spatial In-
formation Research, 27, 439-452. https://doi.org/10.1007/s41324-019-00251-7 

Davis, A. L., & Philips, T. K. (2005). Effect of Deforestation on a Southwest Ghana Dung 
Beetle Assemblage (Coleoptera: Scarabaeidae) at the Periphery of Ankasa Conservation 
Area. Environmental Entomology, 34, 1081-1088. https://doi.org/10.1093/ee/34.5.1081 

de Oliveira Barros, K., Ribeiro, C. A. A. S., Marcatti, G. E., Lorenzon, A. S., de Castro, N. 
L. M., Domingues, G. F., de Carvalho, J. R., & Dos Santos, A. R. (2018). Markov Chains 
and Cellular Automata to Predict Environments Subject to Desertification. Journal of 
Environmental Management, 225, 160-167.  
https://doi.org/10.1016/j.jenvman.2018.07.064 

Dei, G. J. S. (1992). A Forest beyond the Trees: Tree Cutting in Rural Ghana. Human 
Ecology, 20, 57-88. https://doi.org/10.1007/BF00889696 

Doe, B., Amoako, C., & Adamtey, R. (2022). Spatial Expansion and Patterns of Land 
Use/Land Cover Changes around Accra, Ghana—Emerging Insights from Awutu 
Senya East Municipal Area. Land Use Policy, 112, Article ID: 105796.  
https://doi.org/10.1016/j.landusepol.2021.105796 

Estoque, R. C., Ooba, M., Togawa, T., Hijioka, Y., & Murayama, Y. (2021). Monitoring 
Global Land-Use Efficiency in the Context of the UN 2030 Agenda for Sustainable De-
velopment. Habitat International, 115, Article ID: 102403.  
https://doi.org/10.1016/j.habitatint.2021.102403 

Fitawok, M. B., Derudder, B., Minale, A. S., Van Passel, S., Adgo, E., & Nyssen, J. (2020). 
Modeling the Impact of Urbanization on Land-Use Change in Bahir Dar City, Ethi-
opia: An Integrated Cellular Automata-Markov Chain Approach. Land, 9, Article No. 
115. https://doi.org/10.3390/land9040115 

Foody, G. M. (2002). Status of Land Cover Classification Accuracy Assessment. Remote 
Sensing of Environment, 80, 185-201. https://doi.org/10.1016/S0034-4257(01)00295-4  

Forestry Commission (2014). National REDD+ R-PP Implementation Mid-Term Progress 
Report and Request for Additional Funding. Ghana Forestry Commission.  

Forkuo, E. K., Biney, E., Harris, E., & Quaye-Ballard, J. A. (2021). The Impact of Land 

https://doi.org/10.4236/gep.2023.113004
https://doi.org/10.1109/ACCESS.2019.2950439
https://doi.org/10.1038/s41598-021-92299-5
https://doi.org/10.1016/j.scitotenv.2019.06.275
https://doi.org/10.1016/j.cities.2015.03.013
https://doi.org/10.1016/j.cities.2019.102567
https://doi.org/10.1017/9781108672214
https://doi.org/10.1007/s41324-019-00251-7
https://doi.org/10.1093/ee/34.5.1081
https://doi.org/10.1016/j.jenvman.2018.07.064
https://doi.org/10.1007/BF00889696
https://doi.org/10.1016/j.landusepol.2021.105796
https://doi.org/10.1016/j.habitatint.2021.102403
https://doi.org/10.3390/land9040115
https://doi.org/10.1016/S0034-4257(01)00295-4


A. Koranteng et al. 
 

 

DOI: 10.4236/gep.2023.113004 64 Journal of Geoscience and Environment Protection 
 

Use and Land Cover Changes on Socioeconomic Factors and Livelihood in the Atwima 
Nwabiagya District of the Ashanti Region, Ghana. Environmental Challenges, 5, Ar-
ticle ID: 100226. https://doi.org/10.1016/j.envc.2021.100226 

Forkuor, G., & Cofie, O. (2011). Dynamics of Land-Use and Land-Cover Change in 
Freetown, Sierra Leone and Its Effects on Urban and Peri-Urban Agriculture—A Re-
mote Sensing Approach. International Journal of Remote Sensing, 32, 1017-1037.  
https://doi.org/10.1080/01431160903505302 

Förster, T., & Ammann, C. (2018). African Cities and the Development Conundrum: Ac-
tors and Agency in the Urban Grey Zone. In C. Ammann, & T. Förster (Eds.), African 
Cities and the Development Conundrum (pp. 3-25). Brill Nijhoff.  
https://doi.org/10.4000/poldev.2621 

Frimpong Addo, Y. (2019). Report on the Committee on Environment, Science and 
Technology on the 2020 Programme Based Budget Estimates of the Ministry of Envi-
ronment, Science, Technology and Innovation. Parliament of Ghana.  

Frimpong, B. F. (2015). Land Use and Cover Changes in the Mampong Municipality of 
the Ashanti Region. MSc. Thesis, Kwame Nkrumah University of Science and Tech-
nology. 

Frimpong, B. F., & Molkenthin, F. (2021). Tracking Urban Expansion Using Random 
Forests for the Classification of Landsat Imagery (1986-2015) and Predicting Ur-
ban/Built-Up Areas for 2025: A Study of the Kumasi Metropolis, Ghana. Land, 10, Ar-
ticle No. 44. https://doi.org/10.3390/land10010044 

Ghalehteimouri, K. J., Shamsoddini, A., Mousavi, M. N., Ros, F. B. C., & Khedmatzadeh, 
A. (2022). Predicting Spatial and Decadal of Land Use and Land Cover Change Using 
Integrated Cellular Automata Markov Chain Model Based Scenarios (2019-2049) Zar-
riné-Rūd River Basin in Iran. Environmental Challenges, 6, Article ID: 100399.  
https://doi.org/10.1016/j.envc.2021.100399 

Ghana Statistical Service (GSS) (2022). Ghana 2021 Population and Housing Census 
General Report Volume 3E: Economic Activity. Ghana Statistical Service. 

Giri, C. P. (2012). Remote Sensing of Land Use and Land Cover: Principles and Applica-
tions. CRC Press. 

Gough, K. V., & Yankson, P. W. K. (2000). Land Markets in African Cities: The Case of 
Peri-urban Accra, Ghana. Journal of Urban Studies, 37, 2485-2500.  
https://doi.org/10.1080/00420980020080651 

GSS (2013). 2010 Population and Housing Census National Analytical Report (pp. 1-430). 
Ghana Statistical Service. 

Halefom, A., Teshome, A., Sisay, E., & Ahmad, I. (2018). Dynamics of Land Use and Land 
Cover Change Using Remote Sensing and GIS: A Case Study of Debre Tabor Town, South 
Gondar, Ethiopia. Journal of Geographic Information System, 10, 165-174.  
https://doi.org/10.4236/jgis.2018.102008 

Hasan, M. E., Nath, B., Sarker, A. R., Wang, Z., Zhang, L., Yang, X. et al. (2020). Applying 
Multi-Temporal Landsat Satellite Data and Markov-Cellular Automata to Predict For-
est Cover Change and Forest Degradation of Sundarban Reserve Forest, Bangladesh. 
Forests, 11, Article No. 1016. https://doi.org/10.3390/f11091016 

Hua, A. K. (2017). Application of CA-Markov Model and Land Use/land Cover Changes 
in Malacca River Watershed, Malaysia. Applied Ecology and Environmental Research, 
15, 605-622. https://doi.org/10.15666/aeer/1504_605622 

IIED—International Institute for Environment and Development (1987). Our Common 
Future: A Readers Guide. Earthscan. 

Inglada, J., Arias, M., Tardy, B., Hagolle, O., Valero, S., Morin, D. et al. (2015). Assess-

https://doi.org/10.4236/gep.2023.113004
https://doi.org/10.1016/j.envc.2021.100226
https://doi.org/10.1080/01431160903505302
https://doi.org/10.4000/poldev.2621
https://doi.org/10.3390/land10010044
https://doi.org/10.1016/j.envc.2021.100399
https://doi.org/10.1080/00420980020080651
https://doi.org/10.4236/jgis.2018.102008
https://doi.org/10.3390/f11091016
https://doi.org/10.15666/aeer/1504_605622


A. Koranteng et al. 
 

 

DOI: 10.4236/gep.2023.113004 65 Journal of Geoscience and Environment Protection 
 

ment of an Operational System for Crop Type Map Production Using High Temporal 
and Spatial Resolution Satellite Optical Imagery. Remote Sensing, 7, 12356-12379.  
https://doi.org/10.3390/rs70912356 

Kaul, H. A., & Sopan, I. (2012). Land Use Land Cover Classification and Change Detec-
tion Using High Resolution Temporal Satellite Data. Journal of Environment, 1, 146-152. 

Korah, P. I., Matthews, T., & Tomerini, D. (2019). Characterising Spatial and Temporal 
Patterns of Urban Evolution in Sub-Saharan Africa: The Case of Accra, Ghana. Land 
Use Policy, 87, Article ID: 104049. https://doi.org/10.1016/j.landusepol.2019.104049 

Koranteng, A. (2017). Competitive Land Use/Cover of Kumasi and its Environs Based on 
Satellite Imagery Studies. International Conference on Applied Science and Technolo-
gy Conference Proceedings, 1, 208-219. 

Koranteng, A., & Zawila-Niedzwiecki, T. (2015). Modelling Forest Loss and Other Land 
Use Change Dynamics in Ashanti Region of Ghana. Folia Forestalia Polonica, Series A, 
7, 96-111. https://doi.org/10.1515/ffp-2015-0010 

Koranteng, A., Adu-Poku, I., Donkor, E., & Zawiła-Niedźwiecki, T. (2020). Geospatial 
Assessment of Land Use and Land Cover Dynamics in the Mid-Zone of Ghana. Folia 
Forestalia Polonica, Series A, 62, 288-305. https://doi.org/10.2478/ffp-2020-0028 

Koranteng, A., Donkor, E., Zawila-Niedzwiecki, T., & Kombat, D. (2018). Synergies of 
Satellite Images for Forest Loss and Other Land Use Study in Ghana. International 
Conference on Applied Science and Technology Conference Proceedings, 4, 211-228.  

Koranteng, A., Zawila-Niedzwiecki, T., & Adu-Poku, I. (2016). Remote Sensing Study of 
Land Use/Cover Change in West Africa. Journal of Environment Protection and Sus-
tainable Development, 2, 17-31. 

Koranteng, A., Zawiła-Niedźwiecki, T., & Kombat, D. (2015). Land Use Dynamics in Ru-
ral-Urban Environs: A Study of the Kumasi Metropolis and Its Adjoining Districts- 
Ghana. Teledetekcja Środowiska, 52, 67-85. 

Kushwaha, K., Singh, M. M., Singh, S. K., & Patel, A. (2021). Urban Growth Modeling 
Using Earth Observation Datasets, Cellular Automata-Markov Chain Model and Ur-
ban Metrics to Measure Urban Footprints. Remote Sensing Applications: Society and 
Environment, 22, Article ID: 100479. https://doi.org/10.1016/j.rsase.2021.100479 

Kyere-Boateng, R., & Marek, M. V. (2021). Analysis of the Social-Ecological Causes of 
Deforestation and Forest Degradation in Ghana: Application of the DPSIR Framework. 
Forests, 12, Article No. 409. https://doi.org/10.3390/f12040409 

Lambin, E. F., & Meyfroidt, P. (2010). Land Use Transitions: Socio-Ecological Feedback 
versus Socio-Economic Change. Land use policy, 27, 108-118.  
https://doi.org/10.1016/j.landusepol.2009.09.003 

Liang, W., & Yang, M. (2019). Urbanization, Economic Growth and Environmental Pol-
lution: Evidence from China. Sustainable Computing: Informatics and Systems, 21, 1-9.  
https://doi.org/10.1016/j.suscom.2018.11.007 

Liu, S., Wang, Y., Zhang, G. J., Wei, L., Wang, B., & Yu, L. (2022). Contrasting Influences 
of Biogeophysical and Biogeochemical Impacts of Historical Land Use on Global Eco-
nomic Inequality. Nature Communications, 13, Article No. 2479.  
https://doi.org/10.1038/s41467-022-30145-6 

Magidi, J., & Ahmed, F. (2019). Assessing Urban Sprawl Using Remote Sensing and 
Landscape Metrics: A Case Study of City of Tshwane, South Africa (1984-2015). The 
Egyptian Journal of Remote Sensing and Space Science, 22, 335-346.  
https://doi.org/10.1016/j.ejrs.2018.07.003 

Mahmud, A., & Achide, A. S. (2012). Analysis of Land Use/Land Cover Changes to Mon-

https://doi.org/10.4236/gep.2023.113004
https://doi.org/10.3390/rs70912356
https://doi.org/10.1016/j.landusepol.2019.104049
https://doi.org/10.1515/ffp-2015-0010
https://doi.org/10.2478/ffp-2020-0028
https://doi.org/10.1016/j.rsase.2021.100479
https://doi.org/10.3390/f12040409
https://doi.org/10.1016/j.landusepol.2009.09.003
https://doi.org/10.1016/j.suscom.2018.11.007
https://doi.org/10.1038/s41467-022-30145-6
https://doi.org/10.1016/j.ejrs.2018.07.003


A. Koranteng et al. 
 

 

DOI: 10.4236/gep.2023.113004 66 Journal of Geoscience and Environment Protection 
 

itor Urban Sprawl in Keffi-Nigeria. Environmental Research Journal, 6, 129-134.  

Mansour, S., Al-Belushi, M., & Al-Awadhi, T. (2020). Monitoring Land Use and Land 
Cover Changes in the Mountainous Cities of Oman Using GIS and CA-Markov Model-
ling Techniques. Land Use Policy, 91, Article ID: 104414.  
https://doi.org/10.1016/j.landusepol.2019.104414  

Ministry of Lands Forestry and Mines (2012). Ghana National Wildfire Policy, Ghana. 

Mishra, V. N., & Rai, P. K. (2016). A Remote Sensing Aided Multi-Layer Perceptron- 
Markov Chain Analysis for Land Use and Land Cover Change Prediction in Patna Dis-
trict (Bihar), India. Arabian Journal of Geosciences, 9, Article No. 249.  
https://doi.org/10.1007/s12517-015-2138-3 

Mondal, M. S., Sharma, N., Garg, P. K., & Kappas, M. (2016). Statistical Independence 
Test and Validation of CA Markov Land Use Land Cover (LULC) Prediction Results. 
The Egyptian Journal of Remote Sensing and Space Science, 19, 259-272.  
https://doi.org/10.1016/j.ejrs.2016.08.001 

Monserud, R. A., & Leamans, R. (1992). Comparing Global Vegetation Maps with the 
Kappa Statistic. Ecological Modelling, 62, 275-293.  
https://doi.org/10.1016/0304-3800(92)90003-W 

Motlagh, Z. K., Lotfi, A., Pourmanafi, S., Ahmadizadeh, S., & Soffianian, A. (2020). Spa-
tial Modeling of Land-Use Change in a Rapidly Urbanizing Landscape in Central Iran: 
Integration of Remote Sensing, CA-Markov, and Landscape Metrics. Environmental 
Monitoring and Assessment, 192, Article No. 695.  
https://doi.org/10.1007/s10661-020-08647-x 

Muhati, G. L., Olago, D., & Olaka, L. (2018). Land Use and Land Cover Changes in a 
Sub-Humid Montane Forest in an Arid Setting: A Case Study of the Marsabit Forest 
Reserve in Northern Kenya. Global Ecology and Conservation, 16, e00512.  
https://doi.org/10.1016/j.gecco.2018.e00512 

Munthali, M. G., Mustak, S., Adeola, A., Botai, J., Singh, S. K., & Davis, N. (2020). Model-
ling Land Use and Land Cover Dynamics of Dedza District of Malawi Using Hybrid 
Cellular Automata and Markov Model. Remote Sensing Applications: Society and En-
vironment, 17, Article ID: 100276. https://doi.org/10.1016/j.rsase.2019.100276 

Nemeth, C., & Fearnhead, P. (2021). Stochastic Gradient Markov Chain Monte Carlo. 
Journal of the American Statistical Association, 116, 433-450.  
https://doi.org/10.1080/01621459.2020.1847120 

Noszczyk, T. (2019). A Review of Approaches to Land Use Changes Modeling. Human 
and Ecological Risk Assessment: An International Journal, 25, 1377-1405.  
https://doi.org/10.1080/10807039.2018.1468994 

Nti, T. (2020). Illegal Mining and Sustainability Performance: Evidence from Ashanti Re-
gion, Ghana. International Journal of Scientific Research and Management (IJSRM), 8, 
1661-1676. https://doi.org/10.18535/ijsrm/v8i03.em03 

Nugraheni, C. E., & Natali, V. (2018). Cellular Automata Based Entrepreneurial Growth 
Model. Advanced Science Letters, 24, 9410-9413.  
https://doi.org/10.1166/asl.2018.12286 

Nyamekye, C., Ofosu, S. A., Arthur, R., Osei, G., Appiah, L. B., Kwofie, S. et al. (2021). 
Evaluating the Spatial and Temporal Variations of Aquatic Weeds (Biomass) on Lower 
Volta River Using Multi-Sensor Landsat Images and Machine Learning. Heliyon, 7, 
e07080. https://doi.org/10.1016/j.heliyon.2021.e07080 

Obeng-Gyasi, E. (2022). Sources of Lead Exposure in West Africa. Sci, 4, Article No. 33.  
https://doi.org/10.3390/sci4030033 

Obeng-Odoom, F. (2014). Sustainable Urban Development in Africa? The Case of Urban 

https://doi.org/10.4236/gep.2023.113004
https://doi.org/10.1016/j.landusepol.2019.104414
https://doi.org/10.1007/s12517-015-2138-3
https://doi.org/10.1016/j.ejrs.2016.08.001
https://doi.org/10.1016/0304-3800(92)90003-W
https://doi.org/10.1007/s10661-020-08647-x
https://doi.org/10.1016/j.gecco.2018.e00512
https://doi.org/10.1016/j.rsase.2019.100276
https://doi.org/10.1080/01621459.2020.1847120
https://doi.org/10.1080/10807039.2018.1468994
https://doi.org/10.18535/ijsrm/v8i03.em03
https://doi.org/10.1166/asl.2018.12286
https://doi.org/10.1016/j.heliyon.2021.e07080
https://doi.org/10.3390/sci4030033


A. Koranteng et al. 
 

 

DOI: 10.4236/gep.2023.113004 67 Journal of Geoscience and Environment Protection 
 

Transport in Sekondi-Takoradi, Ghana. American Behavioral Scientist, 59, 424-437.  
https://doi.org/10.1177/0002764214550305 

Ofori, B. Y., Obeng, E. A., & Attuquayefio, D. K. (2022). Urbanization Influences Small 
Mammal Composition, but Not Species Richness in Forest Fragments in Accra, Ghana. 
Environmental Monitoring and Assessment, 194, Article No. 60.  
https://doi.org/10.1007/s10661-021-09729-0 

Ogidi, O. I., & Akpan, U. M. (2022). Aquatic Biodiversity Loss: Impacts of Pollution and 
Anthropogenic Activities and Strategies for Conservation. In S. Chibueze Izah (Ed.), 
Biodiversity in Africa: Potentials, Threats and Conservation (pp. 421-448). Springer.  
https://doi.org/10.1007/978-981-19-3326-4_16 

Okwuashi, O., & Ndehedehe, C. E. (2021). Integrating Machine Learning With Markov 
Chain and Cellular Automata Models for Modelling Urban Land Use Change. Remote 
Sensing Applications: Society and Environment, 21, Article ID: 100461.  
https://doi.org/10.1016/j.rsase.2020.100461 

Onodugo, V. A., & Ezeadichie, N. H. (2019). Future Planning of Global South Cities with 
Inclusive Informal Economic Growth in Perspective. In A. Almusaed, A. Almssad, & 
L.Truong-Hong (Eds.), Sustainability in Urban Planning and Design. IntechOpen. 

Owusu, J. H. (2010). Trends in Ghana’s International Timber Trade: Implications for Lo-
cal Livelihoods and Sustainable Forest Management. In L. A. German, A. Karsenty, & 
A. M. Tiani (Eds.), Governing Africa’s Forests in a Globalized World (p. 261). Rout-
ledge.  

Parsa, V. A., Yavari, A., & Nejadi, A. (2016). Spatio-Temporal Analysis of Land Use/Land 
Cover Pattern Changes in Arasbaran Biosphere Reserve: Iran. Modeling Earth Systems 
and Environment, 2, 1-13. https://doi.org/10.1007/s40808-016-0227-2 

Rahnama, M. R. (2021). Forecasting Land-Use Changes in Mashhad Metropolitan Area 
Using Cellular Automata and Markov Chain Model for 2016-2030. Sustainable Cities 
and Society, 64, Article ID: 102548. https://doi.org/10.1016/j.scs.2020.102548 

Ritchie, H., & Roser, M. (2018). Urbanization. Our World in Data. 

Rodriguez-Galiano, V. F., Ghimire, B., Rogan, J., Chica-Olmo, M., & Rigol-Sanchez, J. P. 
(2012). An Assessment of the Effectiveness of a Random Forest Classifier for Land-Cover 
Classification. ISPRS Journal of Photogrammetry and Remote Sensing, 67, 93-104.  
https://doi.org/10.1016/j.isprsjprs.2011.11.002 

Roy, P. S., Ramachandran, R. M., Paul, O., Thakur, P. K., Ravan, S., Behera, M. D. et al. 
(2022). Anthropogenic Land Use and Land Cover Changes—A Review on Its Envi-
ronmental Consequences and Climate Change. Journal of the Indian Society of Remote 
Sensing, 50, 1615-1640. https://doi.org/10.1007/s12524-022-01569-w 

Rwanga, S. S., & Ndambuki, J. M. (2017). Accuracy Assessment of Land Use/Land Cover 
Classification Using Remote Sensing and GIS. International Journal of Geosciences, 8, 
611-622. https://doi.org/10.4236/ijg.2017.84033 

Shepero, M., & Munkhammar, J. (2018). Spatial Markov Chain Model for Electric Vehicle 
Charging in Cities Using Geographical Information System (GIS) Data. Applied Ener-
gy, 231, 1089-1099. https://doi.org/10.1016/j.apenergy.2018.09.175 

Shrivastava, P., Smith, M. S., O’Brien, K., & Zsolnai, L. (2020). Transforming Sustainabil-
ity Science to Generate Positive Social and Environmental Change Globally. One Earth, 
2, 329-340. https://doi.org/10.1016/j.oneear.2020.04.010 

Siqueira-Gay, J., Sonter, L. J., & Sánchez, L. E. (2020). Exploring Potential Impacts of 
Mining on Forest Loss and Fragmentation within a Biodiverse Region of Brazil’s Nor-
theastern Amazon. Resources Policy, 67, Article ID: 101662.  
https://doi.org/10.1016/j.resourpol.2020.101662 

https://doi.org/10.4236/gep.2023.113004
https://doi.org/10.1177/0002764214550305
https://doi.org/10.1007/s10661-021-09729-0
https://doi.org/10.1007/978-981-19-3326-4_16
https://doi.org/10.1016/j.rsase.2020.100461
https://doi.org/10.1007/s40808-016-0227-2
https://doi.org/10.1016/j.scs.2020.102548
https://doi.org/10.1016/j.isprsjprs.2011.11.002
https://doi.org/10.1007/s12524-022-01569-w
https://doi.org/10.4236/ijg.2017.84033
https://doi.org/10.1016/j.apenergy.2018.09.175
https://doi.org/10.1016/j.oneear.2020.04.010
https://doi.org/10.1016/j.resourpol.2020.101662


A. Koranteng et al. 
 

 

DOI: 10.4236/gep.2023.113004 68 Journal of Geoscience and Environment Protection 
 

Smit, W. (2021). Cities and Regions in Sub-Saharan Africa. In A. M. Orum, J. Ruiz-Tagle, 
& S. V. Haddock (Eds.), Companion to Urban and Regional Studies (pp. 64-84). John 
Wiley & Sons. https://doi.org/10.1002/9781119316916.ch4 

Sobhani, P., Esmaeilzadeh, H., & Mostafavi, H. (2021). Simulation and Impact Assess-
ment of Future Land Use and Land Cover Changes in Two Protected Areas in Tehran, 
Iran. Sustainable Cities and Society, 75, Article ID: 103296.  
https://doi.org/10.1016/j.scs.2021.103296 

Subedi, P., Subedi, K., & Thapa, B. (2013). Application of a Hybrid Cellular Automa-
ton-Markov (CA-Markov) Model in Land-Use Change Prediction: A Case Study of 
Saddle Creek Drainage Basin, Florida. Applied Ecology and Environmental Sciences 1, 
126-132. https://doi.org/10.12691/aees-1-6-5 

Swette, B., & Lambin, E. F. (2021). Institutional Changes Drive Land Use Transitions on 
Rangelands: The Case of Grazing on Public Lands in the American West. Global 
Environmental Change, 66, Article ID: 102220.  
https://doi.org/10.1016/j.gloenvcha.2020.102220 

Takyi, S. A., Amponsah, O., Yeboah, A. S., & Mantey, E. (2021). Locational Analysis of 
Slums and the Effects of Slum Dweller’s Activities on the Social, Economic and Eco-
logical Facets of the City: Insights from Kumasi in Ghana. GeoJournal, 86, 2467-2481.  
https://doi.org/10.1007/s10708-020-10196-2 

Timsina, S., Hardy, N. G., Woodbury, D. J., Ashton, M. S., Cook-Patton, S. C., Paster-
nack, R., & Martin, M. P. (2022). Tropical Surface Gold Mining: A Review of Ecological 
Impacts and Restoration Strategies. Land Degradation & Development, 33, 3661-3674.  
https://doi.org/10.1002/ldr.4430 

Tonini, M., Parente, J., & Pereira, M. G. (2018). Global Assessment of Rural-Urban Inter-
face in Portugal Related to Land Cover Changes. Natural Hazards and Earth System 
Sciences, 18, 1647-1664. https://doi.org/10.5194/nhess-18-1647-2018 

Wang, S. W., Munkhnasan, L., & Lee, W.-K. (2021). Land Use and Land Cover Change 
Detection and Prediction in Bhutan’s High Altitude City of Thimphu, Using Cellular 
Automata and Markov Chain. Environmental Challenges, 2, Article ID: 100017.  
https://doi.org/10.1016/j.envc.2020.100017 

Wellington, H. N. (2009). Gated Cages, Glazed Boxes and Dashed Housing Hopes—In 
Remembrance of the Dicey Future of Ghanaian Housing. In Proceedings of the 2009 
National Housing Conference. CSIR/GIA.  

Wemegah, C. S., Yamba, E. I., Aryee, J. N. A., Sam, F., & Amekudzi, L. K. (2020). Assess-
ment of Urban Heat Island Warming in the Greater Accra Region. Scientific African, 8, 
e00426. https://doi.org/10.1016/j.sciaf.2020.e00426 

Worlanyo, A. S., & Li, J. F. (2021). Evaluating the Environmental and Economic Impact 
of Mining for Post-Mined Land Restoration and Land-Use: A Review. Journal of Envi-
ronmental Management, 279, Article ID: 111623.  
https://doi.org/10.1016/j.jenvman.2020.111623 

Wulder, M. A., Coops, N. C., Roy, D. P., White, J. C., & Hermosilla, T. (2018). Land Cov-
er 2.0. International Journal of Remote Sensing, 39, 4254-4284.  
https://doi.org/10.1080/01431161.2018.1452075 

Xing, W., Qian, Y., Guan, X., Yang, T., & Wu, H. (2020). A Novel Cellular Automata 
Model Integrated With Deep Learning for Dynamic Spatio-Temporal Land Use Change 
Simulation. Computers & Geosciences, 137, Article ID: 104430.  
https://doi.org/10.1016/j.cageo.2020.104430 

Yatta, F. P. (2018). Urbanization in Africa: Trends, Regional Specificities, and Challenges. 
In C. Rozenblat, D. Pumain, & E. Velasquez (Eds.), International and Transnational 

https://doi.org/10.4236/gep.2023.113004
https://doi.org/10.1002/9781119316916.ch4
https://doi.org/10.1016/j.scs.2021.103296
https://doi.org/10.12691/aees-1-6-5
https://doi.org/10.1016/j.gloenvcha.2020.102220
https://doi.org/10.1007/s10708-020-10196-2
https://doi.org/10.1002/ldr.4430
https://doi.org/10.5194/nhess-18-1647-2018
https://doi.org/10.1016/j.envc.2020.100017
https://doi.org/10.1016/j.sciaf.2020.e00426
https://doi.org/10.1016/j.jenvman.2020.111623
https://doi.org/10.1080/01431161.2018.1452075
https://doi.org/10.1016/j.cageo.2020.104430


A. Koranteng et al. 
 

 

DOI: 10.4236/gep.2023.113004 69 Journal of Geoscience and Environment Protection 
 

Perspectives on Urban Systems (pp. 317-339). Springer.  
https://doi.org/10.1007/978-981-10-7799-9_14 

Ye, Y., Wu, Q., Huang, J. Z., Ng, M. K., & Li, X. (2013). Stratified Sampling for Feature 
Subspace Selection in Random Forests for High Dimensional Data. Pattern Recogni-
tion, 46, 769-787. https://doi.org/10.1016/j.patcog.2012.09.005  

 
 

https://doi.org/10.4236/gep.2023.113004
https://doi.org/10.1007/978-981-10-7799-9_14
https://doi.org/10.1016/j.patcog.2012.09.005

	Assessment of Past and Future Land Use/Land Cover Dynamics of the Old Kumasi Metropolitan Assembly and Atwima Nwabiagya Municipal Area, Ghana
	Abstract
	Keywords
	1. Introduction
	2. Methodology
	2.1. Study Area
	2.2. Data and Software
	2.3. Image Processing and Classification
	2.4. Random Forest Classifier
	2.5. Accuracy Assessment
	2.6. LULC Change Detection Analysis
	2.7. Markov Chain Model Analysis
	2.8. Cellular Automata (CA)
	2.9. Markov-CA Chain Model

	3. Results
	3.1. Image Classification and Accuracy Assessment
	3.2. LULC Maps
	3.3. Change Detection Analysis
	3.4. LULC Prediction Model and 2040 LULC Simulated Map

	4. Discussion
	4.1. Satellite Image Classification and Accuracy Assessment
	4.2. LULCC Trajectory
	4.3. Forest Loss and Other of the LULC Changes
	4.3.1. Unbridled Urbanization
	4.3.2. Population Growth and Settlement and Infrastructural Development
	4.3.3. Mining
	4.3.4. Unsustainable Agricultural Practices

	4.4. LULC Projection for the 2040

	5. Conclusion
	Acknowledgements
	Conflicts of Interest
	References

