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Abstract

Internal migration is highly valued due to its increasingly acknowledged po-
tential for social and economic development. However, despite its significant
contribution to the development of towns and cities, it has led to the deteri-
oration of many ecosystems globally. Lake Bosomtwe, a natural Lake in Gha-
na and one of the six major meteoritic lakes in the world is affected by land
cover changes caused by the rising effects of migration, population expansion,
and urbanization, owing to the development of tourist facilities on the lake-
shore. This study investigated land cover change trajectories using a
post-classification comparison approach and identified the factors influen-
cing alteration in the Lake Bosomtwe Basin. Using Landsat imagery, an inte-
grated approach of remote sensing, geographical information systems (GIS),
and statistical analysis was successfully employed to analyze the land cover
change of the basin. The findings show that over the 17 years, the basin’s for-
est cover decreased significantly by 16.02%, indicating that population expan-
sion significantly affects changes in land cover. Ultimately, this study will
raise the awareness of stakeholders, decision-makers, policy-makers, gov-
ernment, and non-governmental agencies to evaluate land use development
patterns, optimize land use structures, and provide a reference for the formu-
lation of sustainable development policies to promote the sustainable devel-
opment of the ecological environment.
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1. Introduction

Natural resources are essential for the livelihoods of 1.8 billion people worldwide
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who rely on forest resources [1]. Human activities daily and the growing human
population both impact how the natural environment is used and structured [2].
The vigorous expansion of the human population, changing climate, increasing
consumption, urbanization, and economic expansion have further heightened
tensions on natural resources and intensified their depletion, particularly among
the vulnerable poor who depend on natural resources for their livelihood [3] [4]
[5]. One significant natural resource that supplies ecosystem services to sustain
livelihoods is forests [6]. The rise in population and changes in forest cover are
negatively correlated, according to a study conducted in Kenya by [7]. This in-
verse link is more prevalent in economies where agriculture is the main income
generator, like those in Asia and Africa [8]. Similarly, for survival and income, a
large number of people depend on forests, either directly or through indirect
means [9] [10]. A typical instance is how people use forest resources to build
homes, make household items, and cook meals [8]. However, human reliance on
forests for subsistence and revenue leads to the physical modification of the nat-
ural forest.

The increase in human population and their movement also alters the natural
environment and adversely affects land use and cover. [11] noted that an up-
surge in the size of migrants resulted in changes to land usage in the coastal
areas of Kenya’s Watamu Mida Creek. According to a 28-year land use/land
cover (LULC) review conducted by [12] in Egypt’s Damietta Estuary, there was a
notable increase in urban settlements to the detriment of forest regions. [13] also
pointed out a noteworthy increase in the built area of Morocco’s Sebou Estuary
between 1985 and 2017 indicating a large influx of people from the rural areas.
[14] A 17-year study on the changing patterns of land cover also found a 16.02%
fall in forest cover caused by a rise in human population and their movement,
indicating that migration and expansion in the human population significantly
impact LULC changes.

The natural environment undergoes modification by human interference in
terms of land cover and uses [15] [16]. Human migration poses a detrimental
effect on biodiversity through the removal of vegetation for settlements, frag-
menting habitats, and other usages of land [17]. As shown by other studies [11]
[18] [19] migration and human activities are the primary causes of environmen-
tal degradation globally. [20] indicated that the actions of people account for the
world’s estuary degradation in his study, which centered on the Dong Ho Estu-
ary in Vietnam. Trends in land use and cover, as well as the diversity of plant
and animal life on Earth, are believed to be heavily impacted by human migra-
tion from one rural area to another [17]. [21] indicated that the migration of
low-wage farmers to other rural areas stimulates farming there and causes LULC
shifts and the conversion of different land covers into agricultural uses. In the
history of Ghana, there was a large movement between 1984 and 1992, with
people leaving different parts of the country to reside in the Volta Basin [22]

[23] [24]. Due to this relocation, the number of towns in the basin increased,
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which had a destructive impact on the forest areas that were cleared to create
room for new settlements [24]. [25] also contends that human migration is one
of the main causes of LULC changes. Internal migration was cited by [26] for
Nepal’s exacerbated human settlements as well as changes to the country’s land
usage and cover. Similarly, [27] reported a 0.73% decline in Mexico’s forest cov-
er as a result of the country’s growing migratory rate and the ensuing need for
land for agricultural purposes.

LULC change is an old concept that has gained a lot of attention because of
human activity that modifies the physical characteristics of the natural world
[28]. Africa’s land cover change is mostly due to the conversion of forests to
farms, which worsens the state of the continent’s forests and poses a serious en-
vironmental threat to developing nations where agriculture is the primary eco-
nomic activity [8] [29]. According to [30] and [31] human interactions with the
environment have a range of effects, including modifications to land cover pat-
terns. In this sense, precise and up-to-date data on land cover change should be
provided to inform environmental planning and society development, given the
rate at which population growth and the resulting demand for land are driving
land cover change [32] [33].

Ghana’s vegetation changes and land usage patterns have become the subject
of numerous studies. For instance, [28] examined how vegetation in the Tano
River Basin has changed and how it affected the objectives of sustainable devel-
opment. [34] study outlined the primary determinants of changes in land cover
and emphasized the impact growth in population and increased human habita-
tion have on these changes. Similarly, [35] scrutinized how the transition in land
use and climate affects the flow pattern of water in the Owabi basin. Compara-
tively, the Achimota Forest Reserve in Accra has experienced changes in land
cover arising from the growing urbanization [10]. These studies mentioned
above provide significant information about changes in Ghana’s land cover and
land use, confirming that population growth and urbanization are the main
driving factors.

Ghana’s sole natural lake, Lake Bosomtwe, also happens to be the largest in West
Africa [36]. Recognized as a UNESCO World Biosphere Reserve, the lake’s wa-
tershed sustains an extensive range of wildlife and vegetation types and is a popular
tourist attraction in Ghana [3] [37]. Within the catchment, a total of 24 communi-
ties with about 50,000residents reside [38]. The principal sources of income for the
people living around Lake Bosomtwe are subsistence farming and fishing [36] [37]
[39]. Despite being one of the world’s most exquisite natural lakes, Lake Bosomtwe
has deteriorated over time; due to population increase and accompanying human
activities, such as the demand for land for farming, housing, and other household
necessities, resulting in a significant drop in vegetation cover [39].

With varying degrees of efficiency, multiple studies on integrating both Re-
mote Sensing (RS) and Geographic Information System (GIS) technology to ca-
tegorize and monitor land cover change information have been done [19] [40]
[41] [42] [43]. Research has shown that the use of RS and GIS technology can
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provide reliable and precise methods for the detection, classification, and analy-
sis of changes in vegetative cover [44]. [45] classified land cover classes and
changes using Landsat images and identified vegetation, urban areas, sandy
areas, rocky regions and water bodies producing an accuracy of 86.67% in Jizan
Dam, Saudi Arabia. [44] [46] [47] classified and analyzed land cover change pat-
terns in the Sulaimani region of Iraq using a new image processing technique as
well as the maximum likelihood classification method. [48] assessed and identi-
fied variations in vegetation cover in Al-Jabal Al-Akhdar, Libya, applying time-
series Landsat imagery from 1985 to 2017. RS and GIS have been extensively uti-
lized to analyze deforestation on a local and national scale [49]. [3] utilized RS
and GIS to visually represent the patterns of change from 1986 to 2014 while
undertaking their research and examination of land use and vegetation changes
in peri-urban Ghana. Thus, RS and GIS technologies are increasingly used due
to their ability to provide timely, efficient and accurate ways to detect, classify
and map LULC.

Nevertheless, despite the use of RS and GIS technologies in forest surveys in
numerous studies and locations of Ghana [10] [28] [34] [50] [51] [52], the use of
them in Ghana’s forest management is still in its early stages of development.
Also, a multi-temporal examination of the dynamics of forest cover has not been
taken into account in the majority of previous studies, which concentrated on
specific forest ecosystems. This has resulted in limited availability of data and
knowledge on forest cover dynamics, the causes of these changes, and the rami-
fications for ecological sustainability around the Bosomtwe Lake region. This
study integrates RS, GIS technologies, Landsat imagery, and socioeconomic data
analysis to analyze the spatial and temporal trends of forest cover changes in
terms of gains and losses from 2001 to 2018; as well as the causes and implica-
tions of these changes in the Lake Bosomtwe watershed. Setting itself above ear-
lier studies, this study assesses the efficacy and implications of the environmen-
tal conservation policies and practices implemented in 2015 for basin region
management. The results of this research will furnish decision-makers with sig-
nificant insights to oversee the region’s natural resources, facilitate so-
cio-economic advancement, and strategize the suitable utilization of land for al-
ternative uses such as urban growth, construction, and agriculture. The know-
ledge gained will be significant not only for the research location but also for

other tropical areas that are comparable.

2. Materials and Methods
2.1. Study Area

The Bosomtwe Lake Basin stands in the Bosomtwe District of Ghana’s Ashanti
Region, which is home to Kutunase as its capital (Figure 1). The district, which is
situated at latitude 6° 30 Nand longitude 1° 25 W, was put to birth by dividing two
separate districts, Atwima Kwanwoma and Bosomtwe Atwima Kwanwoma and

covers an area of about 178 square km [36]. Residents in and around the basin, as
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Figure 1. Map of Bosomtwe District Showing the Bosomtwe Basin.

well as others in the surrounding region, earn a living from the lake resort,
which is a well-known tourist destination [36]. Sand, clay, and gold that are ex-
tracted from the lake’s basin also add to the region’s economic growth. This ba-
sin, which lies in the equatorial zone, receives rainfall that is typical of the moist
semi-deciduous forest zone, which is home to a variety of highly valuable tropi-
cal hardwood species [36].

There are several tree species in the district, including Onyina (Ceiba pentan-
dra), Mahogany (Khaya ivorensis), and Wawa (Triplochiton scleroxylon) [53].
The native forest cover in the district is being replaced by secondary forests and
grasslands due to human activities such as unlawful small-scale gold mining,
careless tree felling, illegal timber harvesting, and inappropriate farming prac-
tices [54]. The district’s expansion in settlements is evidenced by its closeness to
Kumasi Metropolis. The district is also one of the most active in the Ashanti Re-
gion because of its favourable infrastructure, economic activity, and booming

tourism sector [54] [55].

2.2. Materials

We analyzed Landsat images from the following years: 2001, 2005, 2010, 2015,
and 2018. To meet the need for a post-classification comparison, change detec-
tion technique, which involves grouping images obtained at different times, im-
ages of different dates were picked using the Landsat Enhanced Thematic Map-
per (ETM+) satellite with a spatial resolution of 30 m x 30 m (Mas, 1999). The
United States Geological Survey (USGS) website is where the above images were
retrieved. The study’s foundation was provided by the data sources listed in Ta-
ble 1. Image pre-processing was done to fix the geometric and radiometric dis-
tortions of the images due to changes in the earth’s rotation, atmospheric condi-

tions, and sensor effects. An embedded haze correction module in the Erdas.
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Table 1. Landsat images used and acquisition dates.

Date Cloud
Landsat Image ID Sensor
Captured Cover
LEO7_ Lessthan Landsat
4/2/2001
LT1P_194055_20010402_2017(B1-B8) 10% ETM+
LEO7_ Lessthan Landsat
1/7/2005
LT1P_194055_20050107_2017(B1-B8) 10% ETM+
LEO7_ Lessthan Landsat
6/2/2010
LT1P_194055_2010020_2016(B1-B8) 10% ETM+
LEO7_ Lessthan Landsat
05/12/2015
LT1P_194055_20151205_2016(B1-B8) 10% ETM+
LEO7_ Lessthan Landsat
29/12/2018
LT1P_194055_20181229_2019(B1-B8) 10% ETM+

Imagine software was used to address haze in the 2001 and 2005 images,
which is frequently caused by small floating particles in the atmosphere. The
images from 2010 to 2018 were left unchanged because their reduced cloud dis-
tortions were not detrimental to the classification. To classify all types of land
cover in the image, training samples from Google Earth were used, and to ac-
quire a true representation of the various land cover classes, these samples were

selected and looked at again.

2.3. Methods

The major software employed in this study included ERDAS Imagine 13.1, En-
vironmental System Research Institute (ESRI) ArcGIS 10.6, and QGIS software
version 3.4.2. The gathering of primary and secondary data is an essential part of
all research endeavours [43]. The original data was acquired from ground-based
coordinates and field observations; the secondary data was collected from the
website of a private organization and Google Earth. Using the Landsat satellite,
enhanced and geometrically adjusted images were gathered from the United
States Geological Survey website for the years 2001, 2005, 2010, 2015, and 2018
[56]. The appropriate images were then downloaded and made available for fur-
ther enhancement [43].

Preparing images for classification is an essential step in land cover categori-
zation as it affects the precision of the classification outcomes [43] [44]. The im-
age preprocessing phase increases the accuracy of the classification findings by
correcting the image’s geometric and radiometric distortions and establishing a
clear connection between the secondary data and the primary data collected in
the area under study [43] [44] [57]. Radiometric and geometric corrections were
carried out to prevent obtaining false results, as photographs that bypass the rec-
tification stage can result in unreliable data, due to the failure of some satellite
scanlines and circumstances such as cloud cover [57]. Layer staking, picture im-
provement, radiometric correction, pan sharpening, study area extraction, data
stacking, and edge masking were among the preliminary processing techniques
employed in this study. The methods shown in Figure 2 were followed to
process the satellite imagery.

DOI: 10.4236/ars.2024.131002

23 Advances in Remote Sensing


https://doi.org/10.4236/ars.2024.131002

R. K. Adams et al.

( Data Acquisition )

A4
Data Preparation
Satelite Images
[Landsat 7 ETM + data 2001, 2005, 2010, 2015 and 2018]

Image Pre-processing _,[ Geometric and )
Layer Staking Radiometric corrections
Image Enhancement
Extraction of Study

A4
Image Classification
Supervised classification using

maximum likelihood Algorithm

Classified LULC map
[2001, 2005, 2010, 2015, 2018]

Y

Generate the confusion
matrix

A4

Change Detection
Post classification comparison method

A
( Accuracy Assessment )

v
( Results and Discussion ]

Figure 2. Flow chart that shows the various methods for land cover change analysis.

The data acquired (Landsat 7) were susceptible to information gaps due to the
failure of the scanline’s corrector linked with the ETM+ instrument. Hence, a
process of data masking (gap filling) was carried out to improve each band using
QGIS software. The data went through a stacking process after its masking.
Since composite colour bands work best for grouping vegetation and highlight-
ing the unique characteristics of different land cover classes, NIR, red, and green
bands were combined to create a fake colour composite [43] [56]. The ERDAS
Imagine computer application was used to complete the data stacking process.

The resolution of the launched photos was enhanced through a pan-sharpen-
ing process using the same ERDAS IMAGINE computer software, enabling
small objects to be seen and seem finer than they were before [43] [58]. The
study area was acquired by superimposing the Bosomtwe district shapefile over
the acquired satellite picture. Subsequently, the research region was extracted
making use of ERDAS IMAGINE computer software from the pan-sharpened
image. Using the services of the Google Earth program, distinct locations with
vegetation, bare terrain, water, and settlement were identified for every class.
Fifty points were chosen for each of the four land cover classes, with the
pre-cause that the points should be distributed equally and not geared to one
point. This yielded a total of 200 training data points for all the different classi-
fied photos. Each class was assigned a value: water had a value of 1, settlement

had a value of 2, bare ground had a value of 3, and vegetation had a value of 4.

DOI: 10.4236/ars.2024.131002

24 Advances in Remote Sensing


https://doi.org/10.4236/ars.2024.131002

R. K. Adams et al.

Table 2. Description of land cover classification scheme used.

Land Cover Class Description
Areas with a tree-crown areal density of 10% or more, and are
Vegetation populated with trees that can produce timber or other wood
products
Water These include Sea, rivers, lakes, streams, and reservoirs

land with limited capacity to sustain life, and less than one-third
Bare land ]
of the area has vegetation or any other form of cover

Areas of high utilization, with a large portion of the land cov-
Settlement . -
ered by structures, included both cities and towns

Image Classification: Grouping all of the pixels in a photo into classifications
related to land cover is the core objective of image classification. The satellite
images were categorized into different classes with a pixel-based technique called
the maximum likelihood classification algorithm. Experts in remote sensing as-
sert that the maximum likelihood classification algorithm is a widely used tech-
nique because of its strong theoretical basis and adaptability to different kinds of
land use and cover, satellite imagery, and data [50]. Supervised categorization
groups pixels into classes based on a comparison between each pixel’s spectral
characteristics and a set of typical pixels from the user’s training data [50].
Training datasets, classification, and accuracy evaluation were the three
processes of supervised classification performed [43]. After a reconnaissance was
conducted to identify land cover classes in the area under examination, four un-
iqueland cover classes were grouped: water body, vegetation, bare ground, and
settlement (Table 2).

With the use of a common Microsoft Excel computing program, the surface
areas of the various land cover classes were used in a trend analysis to determine
the amount occupied by each class and create a graph using lines that illustrate
the variations throughout the research years between the classes. This means
that following classification, the ERDAS Imagine software provided us with the
characteristics of the different land cover classes, from which their correspond-
ing surface areas were derived. We then plugged those attributes into a written
Excel program to create a chart that visually represented the trend of changes in
land use and cover from the years 2001 to 2018. To calculate the producer accu-
racy, user accuracy, overall accuracy, and kappa coefficient, respectively, the fol-
lowing equations were used: Equation (1), Equation (2), Equation (3), and Equa-
tion (4) [43].

Producer's accuracy (%) = (Xﬁj %100 (1)
+K
User 's accuracy (%) = [Xij x100 (2)
k+
1 r
Overall accuracy (OA) = N >, (3)
K=1
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_ NZ:(:lxkk _erzl(Xm X))

Kappa coefficient (k) = (4)

N* _ZLzl(Xk+X+k)

Where x;, represents the total of the pixels in rows “A” and columns “4” N

denotes the total number of pixels, and r is the number of classes. Subscription x
+ k represents the total samples in column “A” of the error matrix, while x; +
represents the total samples in row “4” [43]. K> 80% denotes excellent accuracy
and high agreement, 40% - 80% denotes moderate agreement, and < 40% de-

notes poor agreement [36] [59].

3. Results

3.1.Image Classification and Accuracy Assessment

After classifying images, determining accuracy is fundamental [43]. It is essential
to adopt an evaluation procedure to guarantee the accuracy of the classification
using dependable and effective means as LULC classification has the tendency to
carry errors [60] [61]. We obtained the confusion matrix data from the ground
truth data collected during the fieldwork, and we used this data with the kappa
coefficient to assess accuracy. One well-liked instrument for assessing the preci-
sion of LULC classification methods is the confusion matrix [62] [63] [64]. The
total accuracy (Equation 3), producer’s accuracy (Equation 1), user’s accuracy
(Equation 2), and kappa coefficient (Equation 4) were computed from the gen-
erated error matrix. Table 3 and Table 4 present the accuracy level for the clas-
sified images.

Starting with the categorization of the 2001 satellite images, the researcher
produced the following accuracy results (Table 3). The overall accuracy of the
classification was 98.80% (Table 3). The producer accuracy for the classes of
water and settlement was 100%, meaning that there was a perfect chance that the
water and settlements on the ground would be classified and depicted as water
and settlement on the classified map. The percentage of bare land was 60%, in-
dicating that it was not categorized precisely when compared to water and set-
tlement. In contrast, vegetation achieved 100% accuracy, indicating a good ap-
proximation of the actual ground feature. The percentage of sites that were ab-
sent (omitted) from the appropriate class on the classified map referred to as the

error of omission was 6.4% for water, 0% for settlement, 0% for bear land, and

Table 3. Percentage level of accuracy for 2001, 2005 and 2010 classified images.

2001 2005 2010
Land Use Classes  Producer User Producer TUser Producer User
Water 100 94.60 100 100 100 100
Settlement 100 100 100 96.67 94.34 99.01
Bare Land 60 90.20 63 87.50 96.20 93.83
Vegetation 100 95.83 76 90.48 95.45 95.45
Overall Accuracy 98.80 88.96 96.86
Kappa Coefficient 0.9659 0.8568 0.9588

DOI: 10.4236/ars.2024.131002

26 Advances in Remote Sensing


https://doi.org/10.4236/ars.2024.131002

R. K. Adams et al.

4.35% for vegetation. The user accuracy for each class on the map, which shows
the likelihood of the class appearing on the ground, was 94.6% for water, 100%
for settlement, 90.2% for bare land, and 95.83 for vegetation (Table 3). This
means that, in the majority of cases, a user using the classified map has a chance
to recognize the classified classes on the ground where they are located. In terms
of water, bare land, settlement, and vegetation, the error of commission was 6%,
0%, 0%, and 4.17%, respectively.

A satisfactory total accuracy of 88.96% was achieved in the 2005 classification
(Table 3), indicating that the outcomes were precise and, therefore, reliable.
Water and settlement had a producer accuracy of 100% (Table 3), which means
that what was collected on the ground precisely matched the data on the catego-
rization map. Vegetation had a better depiction of the actual ground feature with
76% accuracy, while bare land with an accuracy of 63% was not properly identi-
fied. The locations that were absent (omitted) from the appropriate class, were
0.03% for settlement, 9.09% for bear land, 8% for vegetation, and 0% for water.
User accuracy, which measures the likelihood that a class on the map will exist
on the ground was 100% for water, 96.67% for settlement, 87.50% for bare land,
and 90.48 for vegetation (Table 3). This means that a user using the classified
map is almost certain to see the classified classes on the ground. For water, the
error of commission was 0%, for habitation, it was 3.33%, for bare ground, it was
12.5%, and for vegetation, it was 9.52%.

2010 recorded a 96.86% total precision rate (Table 3). On the classification map,
water on the ground was precisely categorized as water because the producer ac-
curacy for the water class was 100% (Table 3). The percentages of settlement, bar-
ren land, and vegetation were 94.34%, 96.20%, and 95.45%, respectively (Table 3),
implying that all three had a good depiction of the actual ground feature. The per-
centage of the classified map that was not included in the correct class was 0% for
water, 0.94% for settlement, 6.33% for bear land, and 4.55% for vegetation. 99.01%
for settlement, 93.83% for barren terrain, 95.45% for vegetation, and 100% for wa-
ter were the user accuracy rates on the field (Table 3). Generally speaking, those
who utilize the classified map are likely to see the actual classified classes in reality.
Concerning the classes of water, settlement, barren ground, and vegetation, the
errors of commission were 0%, 0.99%, 6.17%, and 4.55%, respectively.

In 2015, the overall accuracy rate was 95.24% (Table 4). The producer achieved
100% accuracy for both water and bare land classes (Table 4). This implies that
naked land and water on the ground were precisely categorized as water and bare
land on the classification map. Both the vegetation and the settlement exhibited a
good depiction of the actual ground features, with respective percentages of
90.48% and 94.44% (Table 4). The percentage of omitted class was 0% for water,
9.52% for settlement, and 14.28% and 5.55% for vegetation and bare land, respec-
tively. The user accuracy was 87.50% for bare terrain and 100% for water, settle-
ment, and vegetation, suggesting that the classified classes are most certain to be
observed as they are in reality (Table 4). The percentage of error for water, settle-

ment, bare land, and vegetation were respectively 0%, 0%, 12.50%, and 0%.
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Table 4. Percentage level of accuracy for 2015 and 2018 classified images.

2015 2018
Land Use Classes Producer User Producer User
Water 100 100 100 100
Settlement 90.48 100 99.32 99.32
Bare Land 100 87.50 96.0 95.92
Vegetation 94.44 100 100 100
Overall Accuracy 95.24 98.95
Kappa Coefficient 0.9359 0.9842

A total of 98.95% accuracy was achieved in 2018 (Table 4), with a producer
accuracy of 100% for water and vegetation (Table 4), these ground features were
precisely categorized as water and vegetation on the classification map. The ac-
curacy of bare land was 96.0%, whereas that of settlement was 99.32% (Table 4).
Water had an error of 0%, settlement had 0.68%, while bare ground and vegeta-
tion had 4.08% and 0% error, respectively. It is evident from the user accuracy of
100% for water and vegetation, 99.32% for settlement, and 95.92% for bare land
that users using the classified map are likely to see the categorized classes on the
ground. For bare land, the error of commission was 4.0%, 0.68% for settlement,

and 0% for water and vegetation, respectively.

3.2. Kappa Statistics Analysis from 2001 - 2018

A statistical test was used to determine the kappa coefficient, which indicated
how accurate the classification was. In essence, Kappa assesses how successfully
the classification was carried out in relation to values that were assigned at ran-
dom. Thus, did the categorization do better than values that were chosen at
random? The range of the kappa coefficient was —1 to 1. Whereas a kappa of 1
indicates that the classification is significantly better than randomly assigning
values, a value of 0 indicates that the classification is no better than randomly as-
signing values. A negative kappa coefficient also indicates that the classification
is significantly worse than randomly assigning values. Equation 4 gives the for-
mula for the kappa coefficient. As stated in Table 3, the 2001 total kappa value
was 0.9659. For both bare ground and vegetation, the conditional kappa was 1,
indicating a considerable improvement over values that were chosen at random.
The scores obtained for settlement and water were 0.9492 and 0.9265 respective-
ly. This means that all of the coefficients are near 1, meaning that classification is
much stronger than choosing values at random. The total kappa value for 2005
was 0.8568 (Table 3). The conditional kappa for water was 1, while the condi-
tional kappa for bare ground, vegetation, and settlement were 0.8654, 0.8590,
and 0.9589, respectively. These values were all near 1, suggesting that the classi-
fication of these variables was superior to assigning values at random. In 2010,
the overall kappa value was 0.9588 (Table 3).The conditional kappa values were
as follows: for water, it was 1; for bare land, it was 0.9851; for vegetation, it was
0.9512; and for settlement, it was 0.9179.This further demonstrates that all of

their coefficients are near 1, which considerably increases their classification
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over value allocation at random. The overall kappa value for 2015 was 0.9359
(Table 4). Whereas the conditional kappa for bare land was 0.859, it was 1 for
water, vegetation, and settlements. It is evident that all the coefficients are equal
to or nearly equal to 1, showing that the classification is noticeably superior to
choosing values at random. The 2018 total Kappa value was 0.9842 (Table 4). As
opposed to 0.9518 and 0.981 for bare ground and settlement, the conditional
kappa for water and vegetation was 1. Since all of these values were relatively
near to 1, it was clear that their classification was more excellent than choosing

values at random.

3.3. Land Cover Change

A map showing classified land cover in the Bosomtwe Lake Basin from 2001 to
2018 is presented in Figure 3. The figure shows that, despite some areas having
already experienced depletion, there was still a sizable amount of natural vegeta-
tion cover in 2001.After water, which makes up the majority of the basin, the
histogram in Figure 4 shows that natural vegetation is the next land cover with a
significant surface area, indicating that in 2001, the basin had a good proportion
of natural vegetation. The histogram also indicates that the percentage of settle-
ment was 11.92% of the Lake Bosomtwe Basin’s total surface area. This indicates
that the basin did not experience significant development during the reporting
year, which helps to explain why the Bosomtwe Basin had a high percentage of
natural vegetation in 2001.

Figure 3 reveals that in 2005, water made up the majority of the basin’s cover,
followed by vegetation, settlements, and bare ground. The various land cover
classes’ percentages are shown in Figure 4’s histogram. The majority of the basin
(49.32%) is made up of water, with the remaining portions being made up of
barren land (8.05%), vegetation (32.19%), and settlement (14.44%). The histo-
gram shows that while vegetation declined in the Bosomtwe Basin area in 2005,

the number of areas without vegetation and settlements increased.
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Figure 3. Land cover map of Lake Bosomtwe Basin in 2001, 2005, 2010, 2015 and 2018.
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Figure 3 illustrates how, in 2010, water remained the predominant type of
cover in the basin, with vegetation accounting for the second-highest percentage,
behind bare ground and settlement, respectively. The various land cover classes’
percentages are also displayed on the histogram. The basin’s major component is
made up of water (49.76%), which is followed by vegetation (22.40%), settlement
(18.83%), and bare land (10.01%). Judging from the histogram, the Bosomtwe
Basin area saw an increase in bare land, a decrease in vegetation, and an increase
in settlements in 2010. The basin’s cover was still largely made up of water in
2015, as seen in Figure 3. Vegetation, habitation, and bare ground were the next
categories of cover. In line with the histogram, water makes up the majority of
the basin (47.09%), with vegetation (24.97%), settlement (17.49%), and bare land
(8.75%) coming in second, third and fourth respectively. Vegetation, habitation,
and bare ground were the next categories of cover. In line with the histogram,
water makes up the majority of the basin (47.09%), with vegetation (24.97%),
settlement (17.49%), and bare land (8.75%) coming in second, third and fourth
respectively. From the findings, it can be deduced that in the Bosomtwe Lake
area in 2015, there were fewer settlements, more vegetation, and fewer bare
areas. Figure 3 shows that in 2018, water accounted for the largest portion of the
basin’s cover, followed by vegetation, habitation, and bare ground. The histo-
gram reveals that the majority of the basin (47.99%) consisted of water, with the
other portions being made up of vegetation (20.78%), bare land (12.45%), and
settlement (18.46%). During the reporting year 2018, the histogram explains why
there was a rise in habitation, a corresponding increase in bare land, and a loss

in vegetation in the Bosomtwe Lake area.
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Figure 4. Histogram of percentages of land cover classes from 2001 to 2018.
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4. Discussions
4.1. Land Cover Change Analysis from 2001 - 2018

The land cover patterns and transformations in the Bosomtwe Lake Basin from
2001 to 2018 are presented in the chart in Figure 5. With relatively little devel-
opment taking place in the basin at the time, the land cover map in 2001 indi-
cated a high proportion of vegetation cover. Even though the basin had already
been drained, there was still a sizable amount of vegetative cover because the set-
tlement made up about 11% of the basin’s overall proportion of land cover
classes.

The findings indicate that the low depletion can be linked to the area’s low
population growth or development. Proceeding to 2005, it was observed that
there had been a decline in vegetative cover as compared to 2001, as well as an
increase in settlements in the area. When comparing 2005 to 2001, the percen-
tage of bare land increased. According to [32], one important element that caus-
es degradation and deforestation is the increase in population and settlement of
an area, which could have contributed to the decline in vegetation during the
time. As said by [65] this could also imply that formerly forested areas have
changed into or are already being transformed into barren ground or farming
land. As the population of the Bosomtwe area increased due to immigration,
there may have been widespread tree-cutting for residential, agricultural, or
commercial purposes, which contributed to the reduction in vegetation. The loss
of vegetation may also be due to the absence of environmental policies and prac-
tices aimed at protecting the forest. The Bosomtwe Lake Basin may have lost ve-
getation cover in 2005 as a result of all of these aforementioned activities.

The vegetative cover of the basin was found to have significantly decreased in
2010, as Figure 5 shows. The area’s population growth can be attributed to the
significant amount of development that occurred in the basin in 2010 as a result
of various human activities. Given that the basin’s previous forest may now have

been replaced by farms, settlements, or even barren ground, the decline can also
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Figure 5. Chart of land cover trend from 2001 — 2018.
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be linked to the region’s growing population, the pace of migration, and urbani-
sation [8], [65]. Environmental laws and regulations that safeguard forests were
absent in the basin, which could also be another explanation for the decline in
vegetation.

2015 saw a rise in the amount of vegetative cover in the Bosomtwe Lake basin,
defying the overall trend of declining cover. As the total area of barren ground
and settlements reduced, the percentage of natural vegetation increased. Subse-
quent investigation showed that practices and efforts for environmental conser-
vation that the basin’s residents and non-residents observed contributed to the
increase in vegetative cover in 2015. It became known that, as part of the World
Environmental Day celebration, students from the Kumasi Institute of Tropical
Agriculture (KITA) had planted trees in the Bosomtwe basin. This action had
been acknowledged by the district chief executive of the Bosomtwe Atwima
Kwanwoma district in 2015.250 trees or more were planted by them according to
(business Ghana news.com). Additionally, farming was prohibited within 60
meters of the Bosomtwe basin, with penalties for those found farming there
(graphic online.com). It is reasonable to conclude that the policies and practices
implemented in 2015 to safeguard the environment contributed to the rise in
vegetative cover in the basin.

Nevertheless, in 2018 everything had returned to normal and the general
trend of declining vegetative cover persisted. The pace of urbanization in the re-
gion accelerated, leading to an increase in the number of settlements. There was
more bare ground than there was in 2015. The abandonment of the environ-
mental protection policies and practices that were implemented and carried out
in 2015 may be the cause of this. As Figure 5 illustrates, immigration, popula-
tion expansion, and human activity can be cited for the Lake Bosomtwe Basin’s
decline in vegetation and rise in settlements and barren areas between 2001 and
2018.

4.2. Factors Causing Land Cover Changes in the Lake Bosomtwe
Basin

Growing populations both locally and globally have put excess pressure on the
environment’s scarce resources, modifying land cover and use in the process
[66]. The growing number of individuals relocating to towns surrounding the
Bosomtwe Lake Basin subsequently led to the growth in settlements, barren
land, and a decline in vegetation. This may be linked to the emergence of resorts
and other tourism-related amenities around the basin. The built-up region sur-
rounding Chaohu Lake expanded due to an upward trend in the province of
Anhui’s immigrant population [67]. [44] also acknowledged that urbanization
and its subsequent disturbances to the natural environment were primarily
caused by population growth and economic development.

The inactive or absence of environmental protection policies and manage-
ment practices contributed significantly to land cover change in the lake basin.

The majority of available laws and initiatives prioritised supplying wood for the
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country’s wood industry over protecting or conserving the natural vegetation,
which encouraged excessive use of the forest and led to the degradation of forest
reserves. Reforestation and other restoration initiatives intended to protect forest
reserves and promote sustainable forestry also failed because of financial limita-
tions and a focus on the economic value of forests rather than their sustainabili-
ty, highlighting the differences between the policies’ intended and actual execu-
tion [68].

The rising need for resources is a further issue to speculate. This finding
agrees with the outcome of [69] who noted in their study that rapid population
increase and the demand for forest products deplete forest cover. The demand
for goods and services, fuel, housing, household appliances, and land for agri-
cultural operations rises as more people relocate to the Bosomtwe Lake region.
Pressure from rising human populations and increased demand for environ-
mental resources deplete the environmental resources that are already accessible
[32] [37]. Thus, every environmental management strategy should consider how
population growth is affecting the physical makeup of forest cover [8].

Changes in the environment also occur as a result of human interference.
Land used for agricultural purposes, which is an economic activity carried out by
humans, has replaced majority of the original natural vegetation [29]. Human
activities such as population growth, poverty levels, food insecurity, livestock
husbandry, and infrastructure relocation are the key drivers of environmental
change [70]. Likewise, [71] noted decreasing output, rising incomes, and in-
creasing pressure from populations. In addition to the modifications induced by
human activity, other factors that have been linked to land cover change include
population pressure, poverty, farming operations, habitat development, infra-
structure growth, lack of alternative livelihood, unemployment, and drought
[37]. Our results support that of other scholars who discovered that forest lands
are being converted to farmlands to meet the current demand for land for agri-
culture [72]. In addition to agriculture, the Bosomtwe Basin’s territory is ex-
ploited for human settlements, feeder roads, local track construction, and
small-scale illicit mining [37]. The basin’s natural cover changed as a result of all
these human activities.

The incorrect management of both liquid and solid waste in the basin is not
overlooked. People dispose of their waste in the lake or the forest since some
communities lack waste bins, the available ones are also inaccessible owing to
the rising numbers of people in the area. Some communities do not have access
to public restrooms, thus those who live in areas without toilets or with limited

access often use the lake or the forest as their lavatory [37].

4.3. Policy Failures and Recommendations

Ghana began administering its natural environment around 1906. However, fol-
lowing the United Nations Environment Conference in 1972, which resulted in
the establishment of the Environmental Protection Council (EPC) and the im-

plementation of national, regional, and local environmental protection policies
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in 1974, concerns about environmental degradation started to receive attention
[68]. Significant forest management initiatives, including the creation of perma-
nent forest estates, forest reserves, and legislation protecting forests, were im-
plemented to guarantee the sustainability of forest resources, which slowed
down the nation’s forest resource depletion [73]. Surprisingly, the majority of
the initiatives focused on providing wood for the nation’s wood industry, which
promoted overuse of the forest and caused forest reserves to deteriorate. Due to
funding constraints and an emphasis on the financial worth of forests over their
sustainability, afforestation and other restoration projects meant to preserve for-
est reserves and advance sustainable forestry failed. There was a clear difference
between the intended and actual implementation of the forest policy [68].

To guarantee sustainable development and safeguard the environment, natu-
ral resource management, biodiversity management, protected forest manage-
ment, land management, and forest restoration all require statutory legislation
[28]. This study will assist the appropriate regulatory bodies in putting rules in
place that will ensure that the sustainable use of natural resources is monitored.
The implementation of community-based forestry, a shift from conservation for
timber supply to conservation for sustainable development, and the enforcement
of other forest policies are further recommendations made by this paper. For
sustainable forest management to be achieved while safeguarding resources for
future generations, local people and communities must be engaged and empo-
wered [68].

5. Conclusions

This study’s primary goals were to evaluate the changes in land cover in the Bo-
somtwe Lake Basin from 2001 to 2018 and to ascertain the pattern and rate of
change between forest cover and related land cover classes. The factors behind
the change in land cover as well as the effectiveness and ramifications of the en-
vironmental conservation laws and practices adopted in 2015 were examined.
The study evaluated changes in land cover within the study area over 17 years
using GIS, remote sensing, post-classification image analyses, and change analy-
sis. These goals were met, patterns in land cover were examined, and several
maps showing land cover were created. It was established by the analysis that
during the 17-year study period, there were considerable changes in the compo-
sition and pattern of land cover within the basin. Land cover conversions for
residential, agricultural, infrastructure, and economic purposes are the justifica-
tion given for the observed pattern of declining forest cover within the basin.
Urbanization, population growth, agricultural expansion, and overexploitation
of forest products all contribute to the loss of vegetation, which has detrimental
consequences on environmental sustainability. It was also discovered that the
increase in vegetative cover in the basin in 2015 was primarily attributable to the
conservation policies and measures implemented to protect the environment.
Thus, one of the most important strategies for preserving and repairing the envi-

ronment is through the implantation and enforcement of environmental policies.
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Decision-makers, legislators, the government, and non-governmental organi-
zations are among the many stakeholders who must pay particular attention to
the issue of forest deterioration. Enforcing environmental protection laws, pe-
nalties, and initiatives to preserve and rehabilitate forests is necessary to boost
the sustainability of the environment. This article is significant because envi-
ronmental degradation is a global issue of which Ghana is not exempt, therefore
participatory forest management practices and integrated forest conservation
methods are necessary to preserve environmental sustainability.

The paper links land cover change in the basin to an increase in population,
urbanization, agricultural expansion and other human activities in the basin.
The tourism industry’s growth has also led to the development of supportive in-
frastructure such as car parks, housing, lodgings, and shops. It is recommended
that multidisciplinary research on the impacts of land use/land cover change on
the lake’s water quality be conducted in future. In addition, this study only
looked at the historical changes in land use and land cover without factoring the

future changes, which need to be considered in future research.
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