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Changes in land cover land use (LCLU) have long been considered to be among the many factors responsible for
global environmental challenges. This study focused on assessing LCLU changes in the Greater Gaborone area of
South Eastern Botswana between 1988 and 2022. The study employed remote sensing (RS) and geographic
information systems (GIS) tools for analyzing LCLU changes in the study area during the study period. Landsat
images of 1988 and 2002 and Sentinel-2A images of 2022 were used to detect LCLU changes. Image classification
was done using a Supervised classification approach based on a Maximum Likelihood Classifier. Six LCLU types
such as water body, trees dominated, cropland, shrubland, bare land, and built-up, were identified in the area.
Post Classification Comparison (PCC) approach was used to detect LCLU change during the study period.
Shrubland class was found to be the dominant LCLU type in the study area. A significant gain was observed in the
built-up class (75.12 km?), while significant losses were observed in shrubland (24.16 km?) and trees dominated
(33.32 km?) classes in the entire study period. Given the rapid increase in built-up areas, this recommends that
land managers and policymakers should invest in implementing sustainable land management interventions to

prevent undesirable LCLU changes.

1. Introduction

Land cover land use change (LCLU) is one of the driving forces of
environmental change increasingly becoming a global concern due to its
impact on the local, regional and global environment [1,2]. LCLU
change refers to the modification of the earth’s terrestrial surface due to
complex interactions between humans and the physical environment
[3]. These changes are historically linked to the variation in biophysical
factors, while recent changes are associated with anthropogenic activ-
ities [4,5]. Over the past decades, humans had increasingly taken a large
role in modifying the environment [6]. With the increasing number of
developing technologies, man has emerged as a major and most
powerful instrument of environmental change [7].

Drivers of LCLU change vary over time and so are their impacts [8].
These drivers are broadly classified into two categories: proximate and
underlying drivers. Proximate (or direct) causes are linked to the im-
mediate actions taken by humans to meet their needs through land use.
These include agricultural expansion, wood extraction, infrastructural
expansion etc., altering the physical state [9]. The underlying (or
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indirect) drivers, on the other hand, are related to fundamental socio-
economic and political processes that push proximate causes into im-
mediate action [9]. At the proximate level, changes in LCLU could be
explained by multiple factors rather than a single variable [9]. Proxi-
mate causes operate at the local level (individual farms, householders, or
communities), whereas underlying causes are prevalent at regional and
national levels such as districts, provinces, or countries [8]. Under-
standing the proximate and underlying drivers is essential for analyzing
LCLU change, as well as developing realistic models for simulating
future LCLUs and changes [10].

Monitoring LCLU changes is vital because failure to do so, could
result in severe environmental challenges such as climate change,
biodiversity loss (due to habitat fragmentation), and pollution among
others. Seasonal changes caused by climate change could contribute to
poverty intensification, severely affecting the economy of a country, as
more funds are likely to be channelled towards poverty alleviation at the
expense of other developmental projects [11]. Therefore, monitoring
LCLU changes is essential for the sustainable management of natural
resources by formulating policies that strike a balance between
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Fig. 1. Map of the study area [17].
conservation, conflicting uses, and development-oriented pressures.
Studies from Sub-Saharan Africa (SSA) and other developing coun- Table 1, . .
. . . . Population for Gaborone and surrounding villages [14,21].
tries have shown that agriculture expansion, population growth, poverty
and unsustainable use of natural resources are responsible for LCLU Location 1981 1991 2001 2011 2022
changes, especially in communities surrounding a natural resource base Gaborone 59,657 133,468 186,007 231,592 246,325
[12]. In Botswana, LCLU changes are primarily driven by human and Tlokweng 6657 12,501 21,133 36,323 55,508
livestock population pressures, rapid urbanization and general devel- Oodi - 2282 3440 5687 10,257
t activities such as increased demand for arable and grazing land. Modipane B B 2508 3197 7945
opment actlv grazing land, Mokolodi - - 507 624 1242
tourism, water and fuelwood [13]. Mogoditshane 3125 14,246 38,816 57,637 88,006
The Greater Gaborone region in Southeastern Botswana had expe- Gabane 2688 5975 10,399 15,237 20,010
rienced significant population growth over the past four decades, pri- Total population 72,127 168,472 262,810 350,297 429,293

marily driven by rural-to-urban migration. Its population grew from
72,127 in 1981 to 429,293 in 2022 [14,15]. According to Keiner and
Cavric [16], Gaborone and its surrounding settlements receive the ma-
jority of the country’s rural-urban migration due to more available job
opportunities, better infrastructure, social amenities, and public service.
The growing population coupled with the unprecedented economic and
industrial development in and around the city of Gaborone over the past
decades have contributed to LCLU changes. However, very little is
known about the magnitude and rate of LCLU change in the area over
the last three decades. This study, therefore, assessed change in LCLUs in
the Greater Gaborone area of South Eastern Gaborone between 1988
and 2022 using remote sensing and geographic information system (GIS)
applications. The output of this study provides useful information for
land use planners to make better decisions within the framework of
sustainable land use planning.

2. Materials and methods
2.1. Description of the study area

The Greater Gaborone area lies between Longitude 25° 45’ 17. 76 E.
and 26° 11° 01.04” E and Latitude 24° 41/ 15.44“ S and 24° 42’ 45.96” S.
It covers a surface area of 669 km? with an average elevation of
approximately 1000 m above mean sea level (a.m.s.l.). To the east, the
area includes the tribal villages of Tlokweng, Oodi and Modipane; to the
west, it includes Mogoditshane and Gabane; to the south, it includes
Mokolodi; and to the north, Gaborone is bordered by the Kgatleng dis-
trict (Fig. 1) [17].

These peri-urban villages have grown with the influence of the city
and have attained the status of its suburbs, even though their land tenure
remains tribal [14]. Historically, a large area of Gaborone City used to be
a freehold farmland. For example, the area west of the railway line (now
known as Gaborone — West) and Broadhurst did not exist until the early
1980s when the government bought freehold farms in those areas to



C.N. Suh et al

Acta Ecologica Sinica xxx (xxxx) xxx

Table 2

Images used for LCLU classification and analysis.
Year Satellite/Sensor Path/Row Acquisition date Resolution (m) Bands used Source
1988 Landsat 5 (TM) 172/077 March 19 30*30 1,2,3,4,5,6,7 USGS
2002 Landsat 7 (ETM+) 172/077 March 6 30%30 1,2,3,4,5,6,7 USGS
2022 Sentinel-2 (MSI) T35JMN March 30 10*10 2,3,4,8 USGS
2022 Sentinel-2 (MSI) T35JLN March 30 10*10 2,3,4,8 USGS

make way for development [14]. Some farms have been developed into
huge townships like Pakalane Estates, Gaborone North and Mokolodi.
These areas are now fully developed suburbs, well established with all
the social amenities that go along with modern residential development.
The population of the villages had grown rapidly between 1988 and
2022 (Table 1). The development of these peri-urban villages means that
the land is constantly being converted from its natural state to urban
status.

The climate of the area is semi-arid, characterized by a hot wet
season (November-April), a long dry season (May-October) of which
(May-August) is the winter season. The annual average temperature of
the area is 20.6 °C, with average minimum and maximum monthly
temperatures of 12.8 and 28.6 °C, respectively [18]. The annual average
rainfall brought by winds from the Indian Ocean, averages 500 mm [19].
Prolonged dry spells during rainy seasons are common and rainfall is
erratic, highly variable and spatially localized [20]. Agricultural prac-
tices in the study area include crop and livestock production. Also,
permanent water features in the area, include the Gaborone Dam and the
wastewater treatment ponds. More so, the vegetation cover mainly
consists of Acacia shrubs and tree savanna. The most common tree
species in the area are Acacia tortilis and Acacia erubescence [14].

2.2. Methodology

2.2.1. Data acquisition

To detect changes in LCLU classes, this study examined satellite
images from Landsat 5 (1988), Landsat 7 (2002), and Sentinel-2A
(2022). The images were obtained from the official website of the
United States Geological Survey (USGS) Earth Explorer (www.usgs.gov)
by accessing path 172 and row 77 for Landsat images and T35JLN/MN
for Sentinel-2A (Table 2). The selected images had a cloud cover of less
than 10% (for easy interpretation) and were acquired in March for
temporal consistency that minimizes seasonal and sun varying position
effects. The area of interest (AOI) was digitized in Google Earth Pro,
exported as a KML file and converted to a shapefile in ArcGIS 10.7.

2.2.2. Image pre-processing

Landsat images used for LCLU classification are often affected by
atmospheric and topographic/geometric errors which have to be cor-
rected [22]. All images were radiometrically and geometrically cor-
rected. Radiometric correction was done by converting digital numbers
to radiance using the metadata parameters. Geometric correction, on the
other hand, was made possible by ortho-rectifying the images after
projecting them to a common geographic reference system. This was
defined by the Universal Transverse Mercator (UTM), specifically, UTM
zone 35S coordinate on WGS 1984. The study area is covered by one
Landsat and two Sentinel-2A image tiles. The two Sentinel images were
mosaicked in ArcGIS 10.7 to create a new raster image before the AOI
was extracted for classification.

2.2.3. Image classification

In this study, a supervised classification method based on a
Maximum Likelihood classifier was used to extract the LCLU classes.
This method was chosen because it classifies pixels based on the highest
probability that a pixel belongs to a given class. In addition, this method
assumes that the spectral values of the training pixels are normally
distributed and compute the probability that the given pixel belongs to a

Table 3
Description of LCLU classes in the study area [4,17].

LCLU type Description

1 Waterbody Streams, rivers, dams or reservoirs, ponds.
Trees Woody plant more than 5 m in height with a somehow
dominated definite crown
3 Cropland Cropland, forage, orchards, nurseries, horticultural land,
fallow land,
intensively, moderately and sparsely cultivated lands.
Woody plants, less than 5 m in height, no defined crown, a
mixture of
trees with grasses.

4 Shrub land

5 Bare land Exposed soils, sand, bare rocks, with less than 10%
vegetation cover,
floodplain, quarries, and sparse vegetation.

6 Built-up Residential, commercial, industrial, transportation and

urban areas.

specific class [23].

In the classification process, training classes were selected through
visual interpretation of high-resolution satellite images in Google Earth
Pro maps. The training areas of each LCLU class were selected using
randomised sampling throughout the study area to obtain good repre-
sentatives [23]. The centers of large patches of LCLU classes that were
not likely to contain mixed pixels, were selected to improve the classi-
fication accuracy. Using a rule-of-thumb approach, at least 500 pixels
per class were selected to enable a meaningful calculation of statistics
[24]. Based on the characteristics of the images, six LCLU types were
identified. The identified LCLU classes include water bodies, trees
dominated, cropland, shrubland, bare land and built-up (Table 3).

2.2.4. Post classification refinement

A classified image often contains noise caused by isolated pixels of
some classes, within another dominant class, which can form large
patches [25]. It is important to presume that these isolated pixels, more
likely belong to this dominating class, than to the classes to which they
were initially assigned as a result of classification errors. In this study,
tools such as the Majority filter and Boundary clean tools integrated
within the ArcGIS software, were used to smoothen or refine the clas-
sified images. Post-classification smoothing with a majority filter, re-
duces unnecessary errors and may further improve classification
accuracy [25].

2.2.5. Accuracy assessment

Accuracy assessment in image classification, is essential as it mea-
sures the number of ground truth pixels that have been classified
correctly — producer accuracy and the expected accuracy when using the
created map — user accuracy [11]. In this study, classification accuracy
assessment was performed based on points that were identified on the
images and selected to represent the different LCLU classes in the study
area. A stratified random sampling method was used to collect a total of
232, 274, and 296 reference data from the classified LCLU maps of 1988,
2002, and 2022, respectively. This was done to ensure that all six (6)
LCLU classes were adequately represented based on the proportional
area of each class. The datasets were imported into Google Earth Pro
maps to assess the classification accuracy. The ground truth and the
classification data were compared and statistically analyzed through an
Error matrix, to determine if the pixels were grouped to the correct
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Fig. 2. LCLU categories for (a) 1988, (b) 2002 and (c) 2022.

feature class. The Error matrix was further used to compute the overall
accuracy (OA), user’s accuracy (UA), producer’s accuracy (PA) and
Kappa coefficient (KC). The UA, PA and OA were computed using the
following equations ((1)-(3)):

va = S s 100 ¢
a+U
Ca
PA = —% % 100 (2)
a+R
oa=3%" Cou s 100 ()
- a=1 Q

where C,y is the total number of correct classifications of a particular
map class; Cqyy is the total number of pixels classified in a particular
map class; Cgg is the number of reference points classified accurately,
while Cg, g is the total number of reference points in a particular map
class and Q is the total number of reference points in the error matrix.

The OA, UA and PA, respectively indicate the accuracy of the entire
classification, the likelihood that a pixel classified represents the class on
the ground or in reference data, and how well the trained pixels of the
given cover type are classified [4]. The KC represents the measure of
reproducibility and assesses the probability of chance agreement be-
tween the reference and the image datasets [26]. The following eq. (4)
derived by Jensen and Cowen [27] was used to compute KC. In Kappa
analysis, a KC of 0.8 and above indicates a very strong agreement, while
a KC between 0.4 and 0.8 indicates a good agreement, and below 0.4

indicates a poor agreement [28].

N X — Y (Xt X )
kC= 2 T -
N =5 (X *X )

Where KC is the Kappa coefficient, N is the total number of obser-
vations included in the matrix, r is the number of rows in the error
matrix, Xj; is the number of observations in row i and column i (on the
major diagonal), X;, is the total number of observations in row i (shown
as marginal total to the right of the matrix), and X,; is the total number
of observations in column i (shown as marginal total at bottom of the
matrix).

4

2.2.6. Change detection

Post Classification Comparison (PCC) method was used to detect
LCLU changes that previously occurred in the study area. PCC uses pixel-
based comparison to generate change information on a pixel-by-pixel
basis and thus interpret the changes, more efficiently taking the
advantage of “from-to” information [4]. In addition, this approach
provides detailed information on the initial and final LCLU types in a
complete matrix of change direction [11] The use of the PCC technique
resulted in a cross-tabulation matrix (or LCLU change transition matrix)
which was computed using the overlay functions in ArcGIS. The gains
and losses in each LULC type between 1988 and 2022 were categorized
into three (3) time periods being: (a) 1988-2002, b) 2002-2022 and c)
1988-2022. The following four aspects recommended by Macleod and
Congalton [29], were examined after the change detection was per-
formed: assessing the changes that have occurred, identifying the nature
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Table 4

Confusion matrix and classification accuracy of LCLU 1988 image.
LCLU Type Water Tree cover cropland Shrubs Bare land Built up Total User UA (%)
Water 32 0 0 0 0 0 32 100.0
Tree cover 0 28 1 4 0 0 33 84.8
Cropland 0 1 39 1 0 0 41 95.1
Shrubland 0 6 1 36 2 0 45 80.0
Bare land 0 0 4 0 29 7 40 72.5
Built up 0 0 2 0 4 35 41 85.4
Total Producer 32 35 47 41 35 42 232
PA (%) 100.0 80.0 83.0 87.8 82.9 83.3
OA 85.8%
Kc 0.83

Table 5

Confusion matrix and classification accuracy of LCLU 2002 image.
LCLU Type Water Trees dominated cropland Shrubs Bare land Built up Total User UA (%)
Water 30 0 0 0 0 0 30 100.0
Trees dominated 0 44 0 3 0 0 47 93.6
Cropland 0 0 34 2 2 4 42 81.0
Shrubland 0 3 4 57 0 0 64 89.1
Bare land 0 0 4 1 34 6 45 75.6
Built up 0 0 5 0 4 37 46 80.4
Total Producer 30 47 47 63 40 47 274
PA (%) 100.0 93.6 72.3 90.5 85.0 78.7
OA 86.1%
Ke 0.83

Table 6

Confusion matrix of 2022 and classification accuracy of LCLU 2022 image.
LCLU Type Water Trees dominated Cropland Shrubs Bare land Built up Total User UA (%)
Water 28 0 0 0 0 0 28 100.0
Trees dominated 0 64 0 0 0 0 64 100.0
Cropland 0 0 34 2 0 1 37 91.9
Shrubland 0 2 5 63 0 0 70 90.0
Bare land 0 0 1 0 28 4 33 84.8
Built up 0 0 1 0 2 61 64 95.3
Producer 28 66 41 65 30 66 296
PA (%) 100.0 97.0 82.9 96.9 93.3 92.4
OA 94.0%
Ke 0.93

of change, calculating the areal extent of change, and assessing the
spatial pattern of the change.

2.3. Annual rate of LCLU changes

For each time period, the pattern of change for each LCLU class was
calculated, and the magnitude of change in LCLU types within and be-
tween time periods was compared. The rate of change was calculated in
square kilometers (km?) per year. Also, the percentage (%) share of each
LCLU type was calculated to demonstrate the magnitude of change
experienced between the periods using the following equations [4,30]:

Ay — A
cA="2""1%100 (5)
Ay
Ay — Ay
D=——2""1 100 (6)
AI(TZ_TI)

Where CA is the percentage change in the area of LCLU class between
initial time T; and final time T, D is the annual average rate of change
(%), Aj is the area of the LCLU class at time 1 (T7), and A, is the area of
the LCLU class at time 2 (T2).

3. Results and discussion
3.1. LCLU types in 1988, 2002 and 2022

The Landsat and Sentinel 2 images obtained from the USGS were
classified using Supervised classification employing the Maximum
Likelihood algorithm. LCLU maps were developed to show the LCLU
types identified in the study area in 1988, 2002 and 2022. The detected
LCLU types were water bodies, trees dominated, cropland, shrubland,
bare land and built-up land (Fig. 2). Accuracy assessment for the three
LCLU classification images was done by comparing the classification
results with ground truth points. Error matrix was used to compute the
UA, PA, OA and KC for 1988, 2002 and 2022 LCLU maps and the results
are presented in Tables 4, 5 and 6. The overall classification accuracy for
the 1988, 2002 and 2022 images, were 85.8%, 86.1% and 94.0%,
respectively. These values are acceptable as OA statistics normally fall
between 85% and 95%, according to Macleod and Congalton [29]. The
KCs obtained for the 1988, 2002 and 2022 images, were 0.83, 0.83 and
0.93, respectively. These Kappa coefficients were greater than 0.8,
indicating a high level of agreement between image data and ground
truth data, as stated by Molla et al. [28].
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Table 7

Area Statistics for the LCLU categories in 1988, 2002 and 2022.
LCLU types LCLU 1988 LCLU 2002 LCLU 2022
LCLU Type Area Area Area Area Area Area

() (%) (km?®) %) (km®) %)
Water bodies 22.19 3.32 19.54 2.92 15.43 2.31
Trees 129.68 19.39 107.58 16.08 96.42 14.41
dominated

Cropland 39.73 5.94 20.93 3.13 33.47 5
Shrubland 426.47 63.75 438.35 65.53 402.57 60.18
Bare land 26.65 3.98 8.95 1.34 21.63 3.23
Built up 24.22 3.62 73.59 11 99.41 14.86
Total 668.94 100 668.94 100 668.94 100

3.2. Area statistics for LCLU types in 1988, 2002 and 2022

From Table 7 and Fig. 3, the shrubland class was found to be the most
dominant LCLU class in the study area, covering an area of 426.47 km?
(63.75%) in 1988, 438.35 km? (65.53%) in 2002 and 402.57 km?
(60.18%) in 2022. The trees dominated LCLU type occupied an area of
129.68 km? (19.39%) in 1988, 107.58 km? (16.08%) in 2002, and 96.42
km? (14.41%) in 2022. In 1988 and 2002, the trees dominated class was
the second most dominant class in the study area after the shrubland
class. The built-up class occupied an area of 24.22 km? (3.62%) in 1988,
73.59 km? (11%) in 2002, and 99.34 km? (14.86%) in 2022. The built-
up class was the second most dominant LCU type after the shrubland
class in the area in 2022.

The bare land class accounted for 26.65 km? (3.98%) of the total land
area in 1988, 8.95 km? (1.34%) in 2002, and 21.62 km? (3.23%) in
2022. Bare land was the least dominant class in the area in 2002. The
cropland class occupied 39.73 km? (5.94%) of the total land area in
1988, 20.93 (3.13%) in 2002, and 33.45 km? (5%) in 2022. The water
body class covered an area of 22.19 km? (3.32%) in 1988, 19.54 km2
(2.92%) in 2002 and 15.42 km? (2.31%) in 2022. It was the least
dominant class in the area in 2022.

Acta Ecologica Sinica xxx (xxxx) xxx
3.3. Gains and losses in LCLU types

Conversions from one type of LCLU to another were observed
throughout the study period (Fig. 4, Fig. 5). Generally, the spatial extent
of an LCLU type decreases once its portion is converted into another
type. Gains and losses in the area coverage for the different LCLU types,
were assessed using the LCLU change matrix (Tables 8, 9 and 10). From
the results, the built-up class gained primarily from the shrubland class
throughout the study period. It gained 34.97 km? of shrubland between
1988 and 2002 (Table 8) and 49.21 km? between 2002 and 2022
(Table 9), thereby increasing its spatial extent. Overall, the built-up class
gained 75.12 km? throughout the entire study period (Fig. 5). The
expansion in built-up areas could be attributed to population growth due
to rural-urban migration, resulting in the conversion of areas previously
used for agriculture or other purposes, into residential areas.

The bare land class lost 17.41 km? of its area to the shrubland class
between 1988 and 2002 (Table 8), which could be attributed to vege-
tation regrowth due to heavy rains experienced in the country after
prolonged drought period of 1993-1995 [31]. However, between 2002
and 2022, the bare land class gained 14.1 km? from the shrubland class
(Table 9). This could be attributed to the interaction of both climates
(such as drought) and human activities (livestock grazing and land
clearing for fuelwood and cultivation), resulting in the loss of vegetal
cover [32,33].

The area coverage of the trees dominated class decreased throughout
the study period, and this was due to its conversion to the shrubland
class. The most common tree species found in the study area were,
Acacia tortilis and Acacia erubescence. Other tree species such as Com-
bretum imberbe and Terminalia pruniouides, were common in the 1980s
but had been depleted because they were the most preferred species for
fuelwood [14]. Even though the shrubland LCLU type was generally
losing its area coverage, a significant gain (11.88 km?, 2.79%) in its
cover was observed between 1988 and 2002. The gain in shrubland
during this period was mainly from the trees dominated class (due to
forest clearing for fuelwoods and other forest products) and bare land.
The gain in shrubland from bare land, indicated the ability of natural
vegetation to regenerate even after extended periods of drought. Be-
tween 2002 and 2022, a significant loss in the area coverage of the
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Table 8
LCLU change matrix for 1988-2002 change period.
1988 LCLU classes 2002
Water bodies Trees dominated Cropland Shrub land Bare land Built-up Losses (km?) Losses (%)
Water bodies 19.43 0.48 0.06 1.84 0.01 0.38 2.77 12.47
Trees dominated 0.51 34.44 2.01 107.34 0.65 3.37 113.88 76.78
Cropland 0.03 0.51 3.24 20.98 0.28 1.61 23.41 87.83
Shrubland 0.3 36.16 12.11 331.03 6.31 34.97 95.63 22.41
Bare land 0.07 0.24 3.26 17.41 1.25 4.4 25.4 95.31
Built-up 0.02 0.03 0.19 4.54 0.27 19.19 5.05 20.85
Gains (km?) 0.93 37.43 17.63 146.33 7.52 44.73 266.14
Gains (%) 4.55 52.08 87.83 30.65 85.76 69.98
Table 9
LCLU change matrix for 2002-2022 change period.
2002 LCLU classes 2022
Water bodies Trees dominated Cropland Shrub land Bare land Built-up Losses (km?) Losses (%)
Water bodies 15.07 0.25 0.98 3.18 0.87 0.01 5.28 25.96
Trees dominated 0.04 30.28 0.61 64.1 0.30 0.54 65.59 68.42
Cropland 0.03 0.56 8.31 12.27 1.07 4.40 18.33 68.79
Shrubland 0.19 36.23 22.67 337.58 14.1 42.17 139.43 29.23
Bare land 0.00 0.29 0.26 4.12 0.71 3.38 8.05 91.85
Built-up 0.12 4.21 0.52 5.66 4.19 49.21 14.69 22.99
Gains (km?) 0.38 41.54 25.04 89.33 20.52 50.5 251.37
Gains (%) 2.45 57.84 75.07 20.92 96.64 50.65
Table 10
LCLU change matrix for 1988-2022 change period.
1988 LCLU classes 2022
Water bodies Trees dominated Cropland Shrub land Bare land Built-up Losses (km?) Losses
%
Water bodies 14.59 0.76 1.09 4.69 0.97 0.08 7.60 34.24
Trees dominated 0.44 31.53 2.70 105.78 2.10 5.64 116.66 78.72
Cropland 0.04 1.99 4.30 23.22 0.93 2.86 29.04 87.10
Shrubland 0.31 58.3 9.11 265.58 14.97 65.62 160.78 37.71
Bare land 0.07 1.37 3.55 14.65 1.24 5.74 25.38 95.35
Built-up 0.00 1.93 0.12 1.39 1.03 19.77 4.46 18.42
Gains (km?) 0.85 64.34 16.57 137.26 20.00 79.94 343.92
% Gains 5.54 67.11 79.4 34.07 94.17 80.17
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Fig. 6. National Average Rainfall (mm) (long vs short terms) [35].
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Table 11

Annual rate of change in the area of LCLU Types.
LCLU type 1988-2002 2002-2022 1988-2022

Km? per year % per year Km? per year % per year Km? per year % per year

Water bodies -0.19 —0.85 -0.21 -1.05 -0.2 -0.9
Trees dominated —-1.58 -1.22 —0.56 —-0.52 —0.98 -0.76
Cropland -1.34 —3.38 0.63 2.99 —0.18 —0.46
Shrubland 0.85 0.2 -1.8 -0.41 -0.71 -0.17
Bare land -1.26 —4.74 0.63 7.08 —0.15 —0.56
Built up 3.53 14.56 1.29 1.75 2.21 9.12

shrubland class was observed (Fig. 5). Shrubland losses were primarily
attributed to cropland and built-up classes. In addition, shrubland losses
during this period could be attributed to a decrease in annual rainfall in
the country over previous years (Fig. 6), as vegetation production in
semi-arid regions is highly dependent on rainfall [34].

There was a general decrease in the area covered by the cropland
class throughout the study period. While cropland area coverage
decreased significantly between 1988 and 2002, there was a significant
gain in its coverage between 2002 and 2022. The reduction in cropland
coverage observed between 1988 and 2002 can be attributed to field
abandonment due to the failure of agricultural support programs such as
the Arable Land Development Program (ALDEP), and the Arable Rain-
Fed Agricultural Program (ARAP) [36]. Abandonment of agricultural
land has been reported to have increased globally and within Sub-
Saharan Africa [37], despite the clear need for increased agricultural
engagement and productivity. Cropland abandonment in Southern Af-
rica, has been linked to the lack of draught power, variable rainfall,
droughts and more modernized youths who are hesitant to live a mar-
ginal agrarian lifestyle [38].

This study showed that most of the croplands were located in rural
areas (e.g., Oodi, Modipane, Tlokweng, Gabane and Mokolodi) and were
rainfed. The rural population is typical of the entire Botswana in that it
relies on rain-fed subsistence farming combined with livestock rearing
[4]. The results indicate that agriculture remains the backbone of the
rural economy, as evidenced by the observed gain in cropland between
2002 and 2022 (Fig. 5). This result concurred with the findings of Bessah
et al. [39] who reported that the expansion of agricultural land is a
global trend regardless, of the economic status and location of a country.
The gains in cropland observed during the 2002-2022 period, could be
attributed to the need for more food production towards meeting the
demand of the growing population. In addition, it could also be attrib-
uted to the presence of agricultural subsidy schemes such as ISPAAD and
other government support programs. One of the objectives of ISPAAD,
was to provide farmers with a 100% subsidy for ploughing and row
planting [40], thereby encouraging more farmers to clear more land for
cultivation. The expansion in cropland contributed to the reduction in
shrubland in the study area. Cropland expansion was also reported in the
Ameleke watershed in Ethiopia in 2014 [41], as well as in other
developing countries where the loss of natural vegetation for crop pro-
duction was crucial [42].

Generally, water bodies shrank throughout the study period. A total
of 6.77 km? (30.51%) of the water body class was lost between 1988 and
2022 (Fig. 5). The water body class was mainly losing to the shrubland
class. The reduction in the area coverage of this LCLU type, is an indi-
cation of low rainfall and high evaporation. The water class expansively
lost 4.12 km?2 of its area between 2002 and 2022, compared to 2.65 km2
lost between 1988 and 2002. This could be attributed to usage and low
rainfall in the country during that period.

3.4. Annual change rate

The annual change rates for the different LCLU types between 1988
and 2002, and 2002 and 2022 change periods are presented in Table 11.
Overall, the fastest annual change rates in the different LCLU types, were

observed in the 1988-2002 change period, compared to the 2002-2022
change period. In addition, trees dominated LCLU class, was the most
reduced category, as opposed to built-up, being the most increased
category in the entire study period (1988-2022).

Between 1988 and 2002, the trees dominated class reduced annually
at a rate of 1.58 km?/year (—1.22%/year), making it the most shrunk
LCLU type in the period. Other LCLU categories whose annual change
rates reduced during this period, include water bodies (—0.19 km?/
year), cropland (—1.34 kmz/year) and bare land (—1.26 km2/year).
However, the built-up class increased annually at a rate of 3.53 km?/
year (14.56% /year), making it the fastest-growing category in that
period. This finding was in line with the findings of Lépez et al. [43],
who found that settlements in developing countries are growing five
times faster than those in developed countries. Similarly, shrubland
experienced an increased rate of change of 0.85 km? per year during this
period.

With regards to the 2002-2022 change period, the area of water
bodies, trees dominated and shrubland LCLU classes decreased by 0.21
kmz, 0.56 kmz, and 1.80 km? annually, respectively, while that of
cropland, bare land, and built-up classes increased by 0.63 km?, 0.63
km? and 1.29 km? per year, respectively. During this period, the
shrubland class was the most shrunk category, whereas the built-up class
was the highest increased category.

4. Conclusions

The Greater Gaborone area has undergone a considerable LCLU
change over the past 34 years (1988-2022). The built-up LCLU type has
increased significantly over this period, gaining a total of 75.12 km?
from the other classes, with shrubland primarily contributing to this
increase. The built-up annual increase was estimated as 2.21 km2. On
the other hand, trees dominated and shrubland LCLU types have
decreased by 33.32 km? at a rate of 0.98 km? per year, and 24.16 km? at
a rate of 0.71 km? per year, respectively. These changes are likely to
negatively impact the environment and thus require some monitoring.
This study recommends that land managers and policymakers should
adopt appropriate land management strategies, such as conservation
agricultural operations, discouraging overgrazing and limiting the
conversion of natural vegetation to other land uses, for sustainable
natural resources management. In addition, stakeholders should invest
efforts to raise public awareness of the importance of environmental
protection to prevent undesirable LCLU changes in the area.
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