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A B S T R A C T   

Land use land cover change, particularly deforestation has significant implications for global climate and socio- 
ecological systems as well as resulting ecosystem services from natural systems. In Ghana, the demand for fuel, 
food, and fibre is projected to be the driver of significant expansion of Croplands/mixed vegetation, resulting in 
degradation and deforestation of natural ecosystems. This research presents a spatiotemporal analysis of land 
use/cover change in the Bobiri forest and its surrounding areas in Ghana’s moist semi-deciduous forest zone. The 
study aims to investigate the specific changes in dominant land use land cover (LULC) types in the area using 
land intensity analyses and to analyse the prevalence of deforestation leakage across the Bobiri Forest Reserve 
(BFR, a protected area) and its surrounding environs from 1986 and 2022. The study used measured land-cover 
changes at different levels, including intervals, categories, and transitions. The analysis revealed significant 
changes in land use intensity across different land classes in the area. The overall rate of land use and land cover 
change exhibited acceleration, indicating extensive land development throughout the studied periods. Notably, 
Croplands/mixed vegetation and non-vegetated areas experienced the most gains, while the closed forest class 
consistently declined. Transitions from forests to Croplands/mixed vegetation were observed, highlighting the 
conversion of natural vegetation for agricultural purposes. Additionally, the results reveal ongoing leakages in 
the buffer zone of the BFR as compared to the forest reserve with an annual deforestation rate of (0.64 %) and 
(0.06 %) respectively from 1986 to 2022, with non-vegetated areas and croplands/mixed vegetation dominating 
the periphery of protected forest areas. The study recommends implementing policy measures specifically geared 
towards protecting the buffer zone within a 10 km radius. This is particularly important to the entire buffer zone 
of the protected area (PA) which is facing deforestation leakage, posing a substantial threat to conservation 
efforts by exposing the PA to various climatic threats.   

1. Introduction 

Land cover change is defined in literature as transformations of the 
biophysical state of the earth’s surface, prompted by the interaction of 
anthropogenic activities and the natural environment impacting the 
local environment, accumulating into global environmental changes 
(Frimpong et al., 2023). Land cover change has received major research 
attention due to its effects on global climate and socio-ecological sys
tems (Asubonteng, 2007; Frimpong et al., 2023; Turner et al., 1995). 

Land cover change effects on global climate occur through changes in 
the carbon cycle considering that the terrestrial ecosystem is a major 
source and sink of carbon. Land transformation also alters the land’s 
ecosystem services, resulting in the vulnerability or otherwise of places 
and people to climate and economic events (Lambin et al., 2003). There 
are two types of land cover changes recognized in the literature: total 
conversions and cover modifications. Total conversion occurs when one 
land cover type is totally replaced by another, and cover modifications 
happen when the attributes of a specific land cover type are altered. An 
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example of conversion is a shift of a forest cover to agricultural land 
whereas cover modifications include declines in tree density and species 
richness. The key driver of land cover change is human management (i. 
e. land use) but also changes in biophysical factors (Kleemann et al., 
2017). Although land cover changes may be monitored at regional or 
national scale, the key processes of change occur at local hotspots and 
deforestation appears to be the most prominent change process in 
tropical countries including Ghana with significant global interest 
(Addo-Fordjour and Ankomah, 2017). 

The process of deforestation commences with a gradual decline of 
healthy forests through such activities as excessive (and often illegal) 
logging, slash-and-burn farming, gathering of fuel wood, mining, etc. 
and climaxes with the occurrence of wildfires, illegal occupation, and/or 
conversion to other land use/cover types (Asubonteng, 2007). Previous 
studies conducted in the tropics, specifically in Ghana, have documented 
the transformation of portions of many protected areas (PA), including 
the Bobiri Forest Reserve (BFR) to other land use/cover types such as 
agricultural lands, rangelands, and logging sites. However, habitat loss 
resulting from deforestation and land-use change serves as a core 
destructive force in the tropics (Asner et al., 2005; Sanfilippo et al., 
2017) and threatens the provisioning of important services from forest 
ecosystems such as carbon storage, biodiversity conservation among 
others. Aimed to mitigate habitat loss and associated declines in biodi
versity, protected areas are widely considered the cornerstones of 
modern conservation efforts in the face of rapid anthropogenic change 
(Adams et al., 2023; Afriyie et al., 2021). 

It is worth noting that protected areas in Ghana, have largely, suc
ceeded in halting or at least reducing deforestation activities and land 
clearing within their designated boundaries (Ajayi et al., 2023). 
Nevertheless, declaring a protected area "successful" with deforestation 
rates lower within its boundaries than in its immediate surroundings 
known as “buffer zone” may be unjustified if deforestation is simply 
transferred to the protected area’s perimeter. This phenomenon is 
known as leakage, which happens when land uses that are detrimental to 
conservation efforts (for example, deforestation) are transferred to areas 
outside of the PA’s administrative limits (Ewers and Rodrigues, 2008). 
When this shift occurs in the buffer zone of a PA, it has the potential to 
alter the composition and structure of vegetation in the PA surrounding 
environs, potentially restricting the ranges and dispersal capabilities of 
organisms living within the PA and disrupting other ecological functions 
(DeFries et al., 2010). 

In addition, the effectiveness assessments of PAs can be compromised 
by leakage patterns, as success is often gauged through a comparison of 
ecosystem health indicators between the PA and its immediate environs 
(Ewers and Rodrigues, 2008). The importance of PA buffer zones has 
been emphasized in Article 8 of the Convention on Biological Diversity 
(CBD), stating that parties (196 countries) to the convention should 
“Promote environmentally sound and sustainable development in areas 
adjacent to protected areas to further the protection of these areas” 
(CBD, 1992). Buffer zones are also recognized by “Aichi Target 11”, 
which stresses the importance of integrating site-based conservation 
actions into the broader environment (CBD, 2010). 

Despite acknowledging the impact of PA buffer zones on the success 
of PA conservation efforts, understanding of the extent of leakages re
mains limited, with many studies attempting to quantify it globally and 
examining isolated cases in America, Asia Pacific and Africa which 
found no widespread evidence of deforestation leakage (Fuller et al., 
2019; Lui and Coomes, 2016). However, there is only one study con
ducted in tropical and subtropical regions, encompassing 55 protected 
areas including one in Ghana (Assin-Attandanso Game Production 
Reserve), which observed deforestation leakage (Ford et al., 2020). 
These studies offer some insight into the land use land cover types that 
exist around the protected area (land cover maps) and the various 
transitions that took place within and around the PA. 

Therefore, this research examined land use change in the Bobiri 
Forest Reserve and its surrounding areas (10 km radius around the BFR) 

within Ghana’s semi-deciduous forest zone from 1986 to 2022. Remote 
Sensing (RS) and Geographic Information System (GIS) was used to 
analyse patterns and change in the land cover within the study area. The 
study aims to investigate the specific changes in dominant land use land 
cover (LULC) types in the area using land intensity analyses developed 
by Aldwaik and Pontius (2012), Lambin and Geist (1997) and analyses 
the prevalence of deforestation leakage within the buffer zone of the PA 
between1986 and 2022. Understanding the dynamic relationship be
tween land use and forest changes is of critical importance for the sus
tainable use and management of forest landscapes, and plays a 
significant role in achieving the Goal 15 of the United Nations’ Sus
tainable Development Goals, i.e. “protect, restore, and sustainably uti
lize terrestrial ecosystems, manage forests sustainably, combat 
desertification, and halt biodiversity loss by 2030”. 

2. Material and method 

2.1. Description of the study area 

The research was conducted in the protected area of Bobiri Forest 
Reserves (BFR) and its environs (10 km radius around the BFR) located 
within the moist semi-deciduous forest zone of Ghana. The BFR covers 
over 54 km2 (Hall and Swaime, 1981; Hawthorne and Abu-Juam, 1995) 
(Fig. 1) and is surrounded by communities in the Ejisu Municipal of 
Ashanti region namely Kubease, Akuokrom, Bomfa, Duampopo, Hwer
eso, Konongo, New Koforidua, Nobewam, Odumasi, Lowcost, Besease, 
Donaso, Boankra, and Edwenase. The reserve has been subdivided into 
management units consisting of butterfly sanctuary, research and strict 
nature reserve (protected), and production area, which together serve 
production, tourism, research and conservation functions (Djagbletey 
et al., 2018). Located between latitudes 6◦ 33′ 15′’ and 6◦ 48′ 85′’ N and 
longitudes 1◦ 25′ 95′’ and 1◦ 11′ 35′’ W with a land area of approximately 
853.42 km2, the study area concentrated on the land use/land cover 
types and their evolutions over time to capture the different land 
transformations undertaken from 1986 to 2022. 

The rainfall pattern in this area is bimodal with a wet semi-equatorial 
climate. The two rainy seasons occur from March to July and September 
to late November with a long dry season starting from December to 
March and a short one in August. The average annual precipitation 
varies between 1200 and 1750 mm, with yearly temperatures ranging 
from 20 ◦C in August to 32 ◦C in March (Baffour-Ata et al., 2021; Ben
efoh et al., 2008). The BFR unveils a multifaceted vegetation composi
tion highlighted by dominant species like Mahogany (Khaya anthotheca), 
Sapele (Entandrophragma cylindricum), and Wawa (Triplochiton sclerox
ylon), alongside a rich understory including Ofram (Terminalia superba) 
and Wawa trees. The coexistence of these trees suggests a complex and 
interconnected ecological association, potentially characterized by 
varying roles in the forest ecosystem such as canopy structure, habitat 
provision, nutrient cycling, and support of diverse flora and fauna 
(Djagbletey et al., 2018). 

Farming is the leading occupation in the area employing over 68 % of 
the residents in the fringe communities, whereas the industry sector 
employs just 8 % in the study area (Benefoh et al., 2008). 

2.2. Data acquisition 

The study utilized Landsat images, with a spatial resolution of 30 ×
30 m, obtained from the United States Geological Survey (USGS) in 
December 1986, January 2007, and January 2022 (Table 1). The study 
area experiences significant cloud cover due to prolonged rainy seasons, 
which presents a challenge in obtaining cloud-free land cover data for a 
change detection between the three different time steps as mentioned by 
Marshall et al. (1994), and Oduro Appiah et al. (2021). Consequently, 
we specifically chose Landsat images captured in the mid-dry season of 
southern Ghana (i.e., December and January) to ensure minimal or no 
cloud coverage. In addition, the two months were selected to minimize 
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variations resulting from phenological changes in the vegetation. Our 
objective was to maximize spectral stability to accurately measure 
changes in land cover around the forest reserve. The change detection 
analysis of land cover change therefore focused on two intervals: 
1986–2007 and 2007–2022. We used images from Landsat Thematic 
Mapper (TM) 5, Landsat Enhanced Thematic Mapper Plus (ETM+) 7 and 
Landsat 9 Landsat Operational Land Imager/Thermal Infrared (OLI/TIR) 
for the years 1986, 2007 and 2022, respectively. For the 2007 image 
(Landsat 7), we applied a gap filling method using the “Fill no data” tool 
in QGIS and we used 20 as maximum distance (pixels) to search out for 
values to interpolate as the study area was affected by the 
scan-line-corrector error. 

Training samples were collected for individual images using different 
techniques such as normalized difference vegetation index (NDVI), un
supervised classification, as well as band combinations which were 
applied to the stack band images in QGIS to discriminate some of the 
land classes from the two images (1986, 2007). The unsupervised 

classification was performed using the K-mean algorithm in QGIS to 
create 8 to 10 land classes, which were then reclassified based on their 
spectral similarity values to form five (5) land classes. 

NDVI was calculated using the formula: NDVI =
(NIR− R)
(NIR+R), where R is 

red and NIR is near infrared and has values which range between +1 and 
-1. Three classification values were set to categorize three land cover 
types namely, closed forest, open forest and croplands/mixed vegeta
tion. NDVI values between 0.2 and 0.4 were used for croplands/mixed 
vegetation, between 0.4 and 0.6 were used for open forest and anything 
above 0.6 was considered as closed forest (EOS, 2019). The range used 
for croplands/mixed vegetation was that, the images (December and 
January) used in this study were between the two rainy seasons, during 
which croplands/mixed vegetation i.e., maize and rice (main crop in the 
region), and mixed vegetation, such as grasslands and recent fallow 
lands, exhibit characteristics akin to sparse vegetation. However, NDVI 
was also used to characterize non-vegetated areas such as build-up, 
water and bare land. NDVI values between -1 and 0.1 were considered 
non-vegetated (Hashim et al., 2019). The output of the two methods was 
compared to select areas of similarity from which 200 polygons were 
randomly digitized, i.e., 50 polygons each for the 4 land cover classes 
(Table 2) with each polygon having more than 24 pixels. 

However, for the year 2022, field data collection was performed to 
first acquaint ourselves with the nature of land use within the study area, 
as well as to choose locations as training datasets for supervised classi
fication. These locations were selected after meeting with the indige
nous communities who know the history of their lands. With the help of 
a handheld GPS, we recorded coordinates of at least 20-squared poly
gons (at least 50 × 50 m) for each land use type i.e. 80 squared polygons 
and completed to 200 polygons (30 extra polygons were created for each 

Fig. 1. Map showing the study area (Source of data for map: Environmental Systems Research institute (ESRI) base map, Google Maps and the Resource Management 
Support Centre of the Forestry Commission of Ghana). 

Table 1 
Landsat images used and their characteristics.  

Image 
acquisition  
date 

Landsat  
Sensor 

Cell  
size 

Target WRS 
Path and 
Row 

Projection 

22/01/2022 OLI/TIRS 
9 

30 Path = 194, 
row = 055 

WGS 84 / UTM zone 
30N 

13/01/2007 ETM+ 30 path = 194, 
row = 055 

WGS 84 / UTM zone 
30N 

29/12/1986 TM 5 30 path = 194, 
row = 055 

WGS 84 / UTM zone 
30N  
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land use type) using Google Earth Pro image (see Fig. 2). 

2.3. Classification of Landsat images 

Supervised classification involves the supervision of the image by an 
analyst to (smoothen) the pixel categorization process by providing 
numerical descriptors of the various land cover classes present in a 
picture to the computer algorithm (Lillesand et al., 2015). 

Researchers in LULC change analysis utilize various classification 
algorithms for satellite image classification. These algorithms encom
pass both parametric approaches like supervised and unsupervised 
classification, as well as non-parametric supervised machine learning 
algorithms. Non-parametric classifiers have become increasingly popu
lar in recent years because of their higher accuracy in image classifica
tion, as supported by some studies (e.g. see Lu and Weng, 2007; Qian 
et al., 2015). While researchers have the freedom to select classifiers 
based on their judgment, the algorithm’s classification accuracy plays a 
crucial role. 

In this study, we use supervised classification; specifically the 
Random Forest algorithm was employed to classify images, which was 
done in R 4.2.2 version. The polygons created (50 polygons) for each 
land use type namely: closed forest, open forest, croplands/mixed 
vegetation, non-vegetated areas (see Table 2 for a description of the 
classes) were converted to centroid points i.e., 200 centroid points using 
the "Feature to Point" tool in ArcGIS. 

The Random Forest (RF) classification model was parameterised 
using the "randomForest" package in R. The process begins by creating a 
random subset of 1000 sample points of the training dataset (the 200 
centroid points) to improve model generalization, from which 70 % was 
used to train the algorithm and the remaining 30 % for accuracy 
assessment of the classified images (see Table 3). Key hyper-parameters 
such as the number of trees, maximum tree depth, and the number of 
features to consider at any given split were set to 100, 20, and ̅̅̅ρ√ , 

Table 2 
Definition of the Land-use/cover classes.  

Land categories Definitions Sources 

Closed Forest This includes all land with woody 
vegetation consistent with thresholds 
used to define Forest Land in the 
national greenhouse gas inventory. It 
also includes systems with a vegetation 
structure that currently fall below:  
- Minimum Mapping Unit (MMU) is 

1.0 ha;  
- Canopy cover (CC) > 65 %;  
- Potential to reach a minimum height 

at maturity (in situ) as 5 m. 

EPA (2019),  
Koranteng et al. 
(2017) 

Open forest This includes perennial crops i.e., oil- 
palm and cocoa plantations, Orange 
and fallow areas with similar 
characteristics that are not considered 
Cropland and fall below the threshold 
values used in the Forest Land category 
such as the other wooded land 
following the FAO definition in Ghana: 
CC < 60 %, height ≤ 5 m, MMU > 0.5 
ha 

EPA (2019) 

Croplands and 
mixed 
vegetation 

This includes annual and biennial 
croplands such as mono and mixed- 
cropped farms of cassava, maize, 
plantain, rice, etc., and recent fallow 
areas of similar vegetation 
characteristics. 

EPA (2019) 

Non-vegetated This comprises of Cities, towns, 
villages, and bare areas, rivers, ponds, 
and lakes. 

EPA (2019,  
Hackman et al. 
(2017)  

Fig. 2. Training samples distribution on 1986 Landsat 5 image of the study area.  
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respectively, where ρ is the number of features/bands. The other pa
rameters were set to the default values in “randomForest” package as 
described by Breiman (2001); and Griffiths et al. (2014) since they tend 
to have less impact on predictive accuracy. In this approach, each tree 
within the Random Forest contributes by voting for the most commonly 
occurring class based on the input, and the final decision is made 
through a majority vote across all the trees (Breiman, 2001). This al
gorithm generates a large number of classification trees (forests) auto
matically, with each tree based on a random selection of training 
samples and predictors. 

The spectral bands (original) were the predictors. Random Forest 
avoids the generalisation problems associated with single classification 
trees by creating many classification trees and thereby enhances clas
sification accuracy (Gislason et al., 2006). Each tree in the forest casts a 
unit vote for the most popular class. A majority vote of the trees de
termines the classification result. Random Forest performs internal 
validation (out-of-bag error rate) on training samples that are not uti
lised in tree building (Watts and Lawrence, 2008). 

The results of the classification were post-processed in ArcGIS 10.3 
and QGIS 3.18. The classified images were filtered to eliminate the "salt- 
and-pepper look" and improve the cartographic appearance. This was 
accomplished in ArcGIS 10.3 "majority filter" tool using a 3 × 3 window 
size. A majority of cells that have the same value and are contiguous 
were applied for simplifying the map, and eliminating smaller patches of 
isolated cells. The final land use maps were created using the filtering 
operation’s outputs. 

After classification, change statistics were extracted from 1986 to 
2007 and 2007 to 2022 maps to produce the two cross tabulation 
matrices used in change detection analysis. 

2.4. Computation of land use land cover changes and intensity analysis 

2.4.1. Land transition matrix 
Changes in LULC classification were detected through post- 

classification comparison of maps of the study area from three points 
in time. Two cross-tabulation matrices were generated for the transi
tions, one for the 1986 – 2007 interval and the other for the 2007–2022 
interval. In the cross-tabulation matrices, the rows display the land- 
cover types at time t (1986) and columns display the land-cover types 
at time t+ 1 (2007). The inputs in the matrix (Pij) represent the propor
tion of study area transitioning from land-cover type i at time t to land- 
cover type j at time t+ 1, where 

∑

i

∑

j
Pij = 1. 

2.4.2. Intensity analyses 
To determine changes in land cover categories, we employed a post- 

classification change detection method. This technique allowed us to 
quantify the number of pixels that transitioned from one land category 
to another. By analysing the intensity of these changes, we calculated 
the annual percentage change, accounting for both losses and gains in 
LULC. Additionally, with the assistance of intensity analysis, we assessed 
changes in land categories at three distinct levels: time interval, cate
gorical, and transition levels, as described by Aldwaik and Pontius 
(2012). A hypothesised uniform change or intensity is contrasted with 
an observed change or transition at each level of the analysis. This 
subsection contains the notations that describe the elements of the 
equations used to calculate the change or transition at each level of the 
study. 

The equation was built using the following variables; J number of 
categories; i index for a category at the initial time point for a particular 
time interval; j index for a category at the final time point for a particular 
time interval; m index for the losing category in the transition of interest; 
n index for the gaining category in the transition of interest; T number of 
time points; t index for the initial time point of interval [Yt, Yt + 1], where 
t ranges from 1 to T – 1; Yt year at time point t; Cij number of pixels that 
transition from category i at time Yt to category j at time [Yt + 1]; (St) 
annual intensity of change for time interval [Yt, Yt + 1]; (U) value of 
uniform annual change/intensity for time-intensity analysis; (Gtj) 
annual intensity of gross gain of category j for time interval [Yt, Yt + 1]; 

Lti annual intensity of gross loss of category i for time interval [Yt, Yt +

1]; Rtin annual intensity of transition from category i to category n during 
time interval [Yt, Yt + 1] where i ∕= n; (Wtn) value of the uniform intensity 
of transition to category n from all non-n categories at time Yt during 
time interval [Yt, Yt + 1]; (Qtmj) annual intensity of transition from 
category m to category j during time interval [Yt, Yt +1] where j ∕= m; 
(Vtm) value of uniform intensity of transition from category m to all non- 
m categories at time Yt, Yt + 1 during time interval [Yt, Yt + 1]. 

Interval level. This level of analysis does not show specific changes of 
whether there is an increase or decrease in the land categories. However, 
it gives information on the time intervals during which the overall 
annual rate of change is relatively slow versus fast. In equation (Eq.) (1), 
the observed change (St) computes the quantity of land cove change 
(encompassing changes in all land use/land cover classifications) over 
the research period. Eq. (2) computes the uniform yearly change or 

Table 3 
The error matrix for the years 1986, 2007 and 2022.  

Land use/cover (1986) Closed forest Open forest Croplands/mixed vegetation Non-vegetated User Total User Acc Producer Acc 

Closed forest 161 0 0 0 161 100.00 100.00 
Open forest 0 84 2 0 86 97.67 93.33 
Croplands/mixed vegetation 0 6 22 1 29 75.86 84.62 
Non-vegetated 0 0 2 22 24 91.67 95.65 
Producer Total 161 90 26 23 300   
Overall accuracy 0.96       
Kappa statistics 0.94       
2007        
Closed forest 132 8 1 0 141 93.62 99.25 
Open forest 1 95 10 0 106 89.62 88.79 
Croplands/mixed vegetation 0 4 20 2 26 76.92 62.50 
Non-vegetated 0 0 1 26 27 96.30 92.86 
Producer Total 133 107 32 28 300   
Overall accuracy 0.91       
Kappa statistics 0.86       
2022        
Closed forest 141 4 3 0 148 95.27 97.92 
Open forest 3 114 5 0 122 93.44 94.21 
Croplands/mixed vegetation 0 3 11 1 15 73.33 55.00 
Non-vegetated 0 0 1 14 15 93.33 93.33 
Producer Total 144 121 20 15 300   
Overall accuracy 0.93       
Kappa statistics 0.89        
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intensity (U) for the interval level. The magnitude and rate of change 
were evaluated at the interval level over time the two time periods (i.e., 
1986–2007 and 2007–2022). The rate estimated as the yearly changes 
spread equally over the full-time span is known as uniform change at 
interval level. The rate estimated as the change inside each interval 
spread equally throughout the full geographical range is known as 
uniform change at the category level. If the observed change (St) exceeds 
the uniform change (U) at the interval level, the change is considered to 
be rapid. Otherwise, it is slow (Aldwaik and Pontius Jr, 2012). 

St =

{∑J
j=1

[(∑J
i=1Ctij

)
− Ctij

]}/[∑J
j=1

( ∑J
i=1Ctij

)]

Yt+1 − Yt
∗ 100% (1)  

U =

∑T − 1
t=1

{∑J
j=1

[(∑J
i=1Ctij

)
− Ctij

]}/[∑J
j=1

( ∑J
i=1Ctij

)]

YT − Y1
∗ 100% (2)  

Category level. Category level is computed using Eq. (3) which calculates 
the gains (Gtj) in each of the categories, and Eq. (4) calculates the losses 
(Lti) in each of the land categories. Eq. (1) calculates a value for uniform 
intensity for time interval t for the category level of the analysis. 
Therefore, Eq. (1) links the analysis at the interval level to that of the 
category level. If values of (Gtj) were equal for all j, then they would be 
equal to (St). Similarly, if values of (Lti) were equal for all i, then they 
would be equal to (St). 

At the category level, if the observed gains and losses are higher than 
the uniform change (U) see Eq. (2), then the categorical change is active. 
When the observed change is less than the uniform change, the cate
gorical change is dormant. 

Gtj =

[(∑J
i=1Ctij

)
− Ctjj

]/
(Yt+1 − Yt)

∑J
i=1Ctij

∗ 100% (3)  

Lti =

[(∑J
j=1Ctij

)
− Ctii

]/
(Yt+1 − Yt)

∑J
i=1Ctij

∗ 100% (4)  

Transition level. The transition level describes the transition (Rtin) ‘TO’ a 
category from other categories, which is shown and calculated in Eq. (5). 
The uniform intensity (Wtn) of transition to a category n from all the 
other categories is observed and calculated in Eq. (6). The uniform 
transition at the transition level is the rate computed as the quantity of 
land change distributed uniformly among the categories available for 
the transition (Aldwaik and Pontius, 2012). In case the quantity of land 
transitions from any of the other categories to n is below a uniform 
transition intensity (Wtn), then n category avoids that particular cate
gory. However, when the quantity of land transition from a particular 
category to n is above the uniform transition intensity, then that cate
gory is targeted by n. 

Rtin =
Ctin/(Yt+1 − Yt)

∑J
j=1Ctij

∗ 100% (5)  

Wtn =

[(∑J
i=1Ctin

)
− Ctnn

]/
(Yt+1 − Yt)

∑J
j=1

[( ∑J
i=1Ctij

)
− Ctnj

] ∗ 100% (6) 

On the contrary of transition ‘TO’, Eq. (7) below shows how the 
transition ‘FROM’ category m to other categories is computed. Its uni
form intensity is calculated in Eq. (8). 

When the quantity of land transition (Qtmj) from m to another 
category is under a uniform transition intensity (Vtm), then the category 
m is avoided. 

On the other hand, in case the quantity of the transition m is above 
the uniform transition intensity, the category m is targeted by other land 
categories. 

Qtmj =

[
Ctmj

/
(Yt+1 − Yt)

]

∑J
i=1Ctij

∗ 100% (7)  

Vtm =

[(∑J
j=1Ctmj

)
− Ctmm

]/
(Yt+1 − Yt)

∑J
i=1

[(∑J
j=1Ctij

)
− Ctim

] ∗ 100% (8)  

2.5. Estimation of deforestation leakage 

We used the land use/cover maps developed in this study 
(1986–2022) to calculate the average yearly deforestation rate for BFR 
and the buffer zones (10 km radius) using ArcMap10.8. From the clas
sification reports generated after the post-classification process ("ma
jority filter"), we quantified deforestation using two different 
approaches. First, by dividing the area of total closed forest loss between 
1986 and 2022 (from the classified image in Fig. 3) by total forested area 
(closed forest) in year 1986, and expressing as the percentage of year 
1986 forested land area that was deforested between 1986 and 2022, 
known as “deforestation (% forest)” (Eq. (9)). The second approaches 
quantify deforestation by dividing the area of total closed forest loss 
between 1986 and 2022 by total terrestrial area (from the classified 
images in Fig. 3), and expressing as the percentage of terrestrial land 
area deforested between 1986 and 2022, also known as “deforestation 
(% land)” (Eq. (10) (Ford et al., 2020; Lui and Coomes, 2016) 

Deforestation (% forest) =
Total closed forest loss (1986 − 2022)

Total closed forested area (2022)
(9)  

Deforestation (% land) =
Total closed forest loss (1986 − 2022)

Total terrestrial area (2022)
(10) 

We quantified these two types of deforestation in the study area 
because both metrics (% forest and % land) provide unique insights into 
the nature of observed deforestation. The % forest forestation offers 
insights into absolute rates of closed forest clearing, while the % land 
deforestation contextualises closed forest loss within the existing forest 
cover framework, thereby detailing changes in the local availability of 
forest resources over time. We defined leakage as a higher average 
yearly deforestation rate in a buffer zone of BFR compared with the PA 
of BFR (Ewers and Rodrigues, 2008). 

3. Results 

3.1. Land use/land cover classification 

The Random Forest classification technique provided us with good 
levels of accuracy. The overall accuracies and Kappa statistics for the 
three maps were 96 %, 91 %, 93 %, and 94 %, 86 %, and 89 % for 1986, 
2007 and 2022, respectively. More details on the class performance can 
be seen in the error matrix (Table 3). 

3.2. Land intensity analyses 

3.2.1. Interval and category level 
The interval level analysis between 1986 and 2007 showed an 

observed yearly change of 2.06 %, whereas between 2007 and 2022, the 
area changed by 1.04 % with a uniform change of 1.64 (Fig. 4). 

This level of analysis does not show specific changes of whether there 
is an increase or decrease in the land categories (closed forest, open 
forest, Croplands/mixed vegetation and non-vegetated). Changes at the 
category level, on the other hand, were obtained from the interval level 
of analysis (see Eqs. (3) and (4) and their links with Eq. (1)). The per
centage loss in closed forests exceeded that of its gains at the category 
level in the first interval (see Fig. 5). In both times, Croplands/mixed 
vegetation, open forest, as well as non-vegetated land, were more likely 
to increase than decrease. 
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In the first period, the net increase in non-vegetated area was more 
than that in Croplands/mixed vegetation and open forest, while in the 
second period, the net gain in Croplands/mixed vegetation area was 
more than that in the non-vegetated and open forest (see Fig. 4). 

3.2.2. Transition level analysis 
This analysis level clarifies the transition between different land use 

and land cover (LULC) categories by considering whether a specific 
LULC type was targeted (playing the most significant role in the 
changes) or avoided (not a primary focus). 

An in-depth analysis of landscape transitions within two specific time 
intervals is provided in Table 5. In the first interval, overall 43 % of the 
area experienced a change in land use / land cover (LULC), in the second 
interval (or period) 16 % of the area experienced a LULC change. This 
change was translated in greatest loss depicted in closed forest and 
cropland/mixed vegetation with 75 and 60 %, respectively. These losses 
led to a significant increase in both open forest and non-vegetated areas 
which expanded from 45,588 to 61,060 ha and 838 to 3243 ha, 
respectively. 

In the same period, it is also important to note that although crop
land/mixed vegetation was exposed to losses, it also gained from 9074 
to 11,360 ha. 

However, when looking at the second period (2007–2022) with an 

overall change of 16 %, a considerable reduction was observed in the 
rate of loss in the closed forest and cropland/mixed vegetation as 
compared to the first interval from 75 to 38 % and from 60 to 34 %, 
respectively. Furthermore, a fairly stable change can be noticed in open 
forest and cropland/mixed vegetation from 61,060 to 62,030 ha and 
from 3243 to 3213 ha, respectively. 

It is noteworthy that in the second interval, the rate of loss decreased 
not only for closed forest but also for Croplands/mixed vegetation, from 
75 to 38 % and 60 to 34 %, respectively. This indicates potential changes 
in land use patterns or ecological processes. Furthermore, Table 5 and 
Fig. 7 highlight a significant shift in land transition patterns. The 
magnitude of loss reduces from the first interval to the second interval. 

Croplands/mixed vegetation, for example, gained mostly from open 
forests in both periods. This shows that when compared to all other land 
use categories, open forest was the most common kind of LULC con
verted into Croplands/mixed vegetation in both time frames. Various 
stages of transition from and to other LULC types are seen in Fig. 6. 

3.3. Deforestation rate and potential driving forces 

The deforestation rates calculated throughout the study reveal a total 
annual deforestation (% forest) rate between 1986 and 2022 of (0.71 %); 
from which, 0.06 % and 0.64 % occur within the PA and the 10 km 

Fig. 3. Land use map of the study area for the years 1986 (a), 2007 (b), and 2022 (c).  

F. Dembélé et al.                                                                                                                                                                                                                                



Trees, Forests and People 15 (2024) 100507

8

buffer zone of the BFR, respectively. This result suggests a lower 
deforestation rate in the BFR than in the surrounding buffer zone, which 
is lower than that found in the annual percentage land deforestation 
(0.64 %). Therefore, the result provides evidence of leakage in the buffer 
areas, which experience a rapid decline in closed forest cover than to the 
wider forest reserve. 

4. Discussion 

4.1. Land use/cover classification and change detection 

Results of the land use/cover classification in this study are consis
tent with the standard value in the study done by Campbell (2002) with 
good overall accuracies and kappa statistics, which enables further 

Fig. 4. Interval level analysis.  

Fig. 5. Category level analysis.  
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analysis and the formulation of valid conclusions. 
Observations of the land use/cover for 1986, 2007, and 2022 reveal a 

progressive increase in closed forest loss in the buffer zone of BFR over 
the period. Notably, deforestation-induced forest loss in the study area 
predominantly occurs outside the boundaries of the designated forest 
reserves or protected areas (Bobiri forest reserve). 

The LULC maps obtained at three different time points displayed four 
distinct land categories, namely closed forest, open forest, Croplands/ 
mixed vegetation, and non-vegetated areas (primarily comprising 
buildings and roads). However, a noticeable trend was observed, indi
cating a decline in the closed forest category, with a corresponding in
crease in open forest and Croplands/mixed vegetation over the study 
period 1986 – 2023 (Table 4 and Fig. 3). The analysis of gross change 
rates revealed significant differences between the two-time intervals 
(Table 5). Furthermore, the transition tables indicated that the loss of 
closed forest was accompanied by the expansion of both open forest and 
Croplands/mixed vegetation. However, the magnitude of change was 
found to be higher during the first-time interval compared to the second, 
while transitions from closed forest and non-vegetated areas to Crop
lands/mixed vegetation decreased (Table 4). The outcomes of this study 
align with the findings of a similar study by Tekle and Hedlund (2000), 
who observed a rise in the size of settlements at the expense of forests in 
the Kalu district of Ethiopia. Similarly, Mark and Kudakwashe (2010) 
observed a decline in forest cover and an increase in agricultural land in 
their investigation of the Shurugwi district in the Midlands province of 
Zimbabwe. The conversion of significant portions of closed canopy 
forests into open canopy forests within the surrounding of the BFR can 
be attributed to various underlying factors, such as a decline or 

inadequacy in forest conservation efforts, rapid socioeconomic de
velopments, and institutional changes (Addo-Fordjour and Ankomah, 
2017; Ankomah et al., 2019; Baffour-Ata et al., 2021). In a recent study 
about the Kyekyewere admitted community within the Tano-Offin 
Forest Reserve in the Nkawie Forest District, similar trends were 
observed (Oduro Appiah et al., 2021). On the other hand, the study 
showed that livelihood activities mainly agricultural expansion, settle
ments, and harvesting of woody resources are direct drivers of change 
that flow from the indirect causes, these accounted for the consistent 
decline in closed forest cover in favour of open forests, and Cro
plands/mixed vegetation (Oduro Appiah et al., 2021). 

4.2. Land use land cover changes and intensity analysis 

Previous studies conducted in other countries have compared the 
intensity analysis method with alternative approaches such as the 
Markov transition matrix. These studies, including Aldwaik and Pontius 
Jr. (2012); and Mwangi et al. (2017), have consistently demonstrated 
that intensity analysis is a highly efficient and effective method for 
analysing land use changes. Based on these findings, the present study 
opted to utilize the intensity analysis method to examine the transitional 
changes among the prominent land categories during the two selected 
time intervals in the study area. This approach is crucial for gaining 
insights into the transformations and transitions within the land use land 
cover (LULC) patterns. The understanding gained from a study of these 
changes and transitions will aid in formulating policies and imple
menting interventions that align with the Sustainable Development 
Goals (SDGs) set forth by the United Nations for achieving sustainable 

Fig. 6. Analysis of transition intensity (percentage of category) from and to Open forest, Croplands/mixed vegetation and Closed forest and Non-vegetated area 
across two-time intervals: 1986 – 2007 and 2007 – 2022. 
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development (Christensen and Arsanjani, 2020). 
The intensity analysis conducted at the category level revealed 

noteworthy patterns in LULC. Non-vegetated areas demonstrated active 
gains throughout all time intervals, while experiencing active losses 
specifically in the second interval. This trend can be attributed to the 
upsurge of rural-urban migration, leading to a significant increase in 
built-up areas within the study region (Nyamekye et al., 2020). The 
active loss of Non-vegetated areas can primarily be attributed to the 
expansion of Croplands/mixed vegetation, driven by agricultural ac
tivities (Nyamekye et al., 2020). 

Croplands/mixed vegetation exhibited active gains in both intervals, 
which could be due to the rising demand for food resulting from pop
ulation growth in the study area districts with an increase from 124,176 
inhabitants to 244,646 inhabitants between 2000 and 2021 respectively, 
coupled with consistent reduction in yields (GSS, 2005, 2021). In the 
case of closed forest, it displayed active losses in both intervals but 
became an active gainer in the second interval. This later gain in forested 
land can be attributed to reforestation efforts undertaken by various 
projects and government initiatives and some agroforestry practices, 
which transform the cropland into a forest after some years (Table 5). 

For example, the National Forest Plantation Development Pro
gramme (NFPDP) aimed to accelerate the establishment of new forest 
plantations by setting a yearly target of 20,000 hectares. These efforts 
began to demonstrate impacts on vegetation cover in different sites, 
including the moist semi-deciduous forest zone surrounding the study 
area (Addo-Danso, 2010; Bosu, 2010; Oduro, 2016). 

The transition intensity analysis revealed disparities in the transited 
class and the corresponding year. It evidenced a reduction in the overall 
change intensity during the second interval, as depicted in Fig. 4. In the 
initial time interval, the expansion of Croplands/mixed vegetation 
influenced both non-vegetated areas and open forests, while the impact 

on open forests was comparatively less in the subsequent interval, as 
illustrated in Fig. 6d. These findings indicate that the changes observed 
were not consistent between the two intervals and were primarily driven 
by the expansion of Croplands/mixed vegetation, which is supported by 
previous vegetation studies (Bessah et al., 2019; Shoyama et al., 2018). 

Furthermore, the results underscore the ecological importance of the 
decline in closed forest cover, as it exhibited the most substantial degree 
of reduction relative to its state in 1986. The intensity of closed forest 
loss was more prominent during the initial time interval. Additionally, 
the study revealed heterogeneous effects of open forest expansion on 
different vegetation types, with closed forests identified as the most 
susceptible to the ongoing expansion of open forests. 

The consistent occurrence of transitions between non-vegetated and 
Croplands/mixed vegetation during the two analysed time intervals can 
be attributed to the constraints imposed by urban growth in Ghana, 
which has limited the expansion of agricultural lands. The transitions, 
gains, and losses observed predominantly result from the expansion of 
non-vegetated areas, often at the expense of Croplands/mixed vegeta
tion. It is essential to address the loss of croplands/mixed vegetation 
from non-vegetated areas (particularly from settlements) as this trend 
can be attributed to population growth over the years (Bessah et al., 
2019; Nyamekye et al., 2020; Shoyama et al., 2018). 

The gain in non-vegetated areas are closely linked to significant 
urban development in the study area, which can be partially attributed 
to the conversion of Croplands/mixed vegetation in close proximity to 
towns (Aspinall, 2004; Koranteng et al., 2015; Li et al., 2013; Müller 
et al., 2010; Nyamekye et al., 2020). 

4.3. Drivers of deforestation leakage 

Overall, the results of this study suggest a higher prevalence of 

Fig. 6. (continued). 
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deforestation leakage from the BFR over the study period (1986–2022), 
with an annual rate of deforestation of (0.64 %) and (0.06 %) for the PA 
and its 10 km buffer zone, respectively (Table 6). The observed leakage 
in the study period could be explained by the fact that farmers who have 
been displaced due to urbanization or peri-urban migration seek alter
native Croplands/mixed vegetation, leading to the conversion of forest 
lands in the buffer areas of the BFR, particularly open forests, in areas 
located beyond the reach of urbanization. The new Croplands/mixed 
vegetation are however later replaced with non-vegetated (bareland) 
when they become unfertile land resulting in the expansion of non- 
vegetated areas in the buffer zone. The increase in non-vegetated 
areas is particularly concentrated along the Kumasi-Accra Road 
network, traversing the study area. 

This finding is consistent with the trends documented by (Fisher 
et al., 2023; Ford et al., 2020), who identified 55 instances of defores
tation leakage from PAs in the tropics. In more than 35 cases, agriculture 

expansion was the dominant driver of forest loss within the buffer zones. 
Although PAs are typically not created to directly mitigate detrimental 
land uses beyond their borders, overall conservation success might still 
depend on activities occurring outside the PA boundaries (DeFries et al., 
2010; Laurance et al., 2012). However, in most related studies, we 
observed a drastic decrease in the protected area forest cover because of 
deforestation induced by human encroachment into the forest for either 
built-up (settlement) or farming. From their study in the Ashanti region 
by analysing patterns of deforestation within some PA to identify main 
drivers of forest cover loss in the region, Acheampong et al. (2019) re
ported that agricultural expansion was a major threat to forest cover in 
the region. Brobbey et al. (2020) also conducted a similar study on three 
protected areas in Ghana and found agricultural expansion and infra
structure development to be the proximate causes of deforestation. 
These are driven by population growth, and low productivity of cash 
crops such as cocoa due to unfertile land. Their study linked the poor 

Fig. 7. Change map of the study area between 1986 – 2007 (left image) and 2007 – 2022 (right).  

Table 4 
Land use change from 1986 to 2007 and 2007 to 2022.  

Land use/cover 1986 (ha) 2007 (ha) 2022 (ha) 1st interval net 
change (ha) 

2nd interval net 
change (ha) 

1st interval net 
change (%) 

2nd interval 
net change 
(%) 

Annual rate of 
change 1st 

interval (%) 

Annual rate of 
change 2nd 

interval (%) 

Closed forest 29,805.21 9,641.88 8,100.18 -20,163.33 -1,541.70 -23.64 -1.81 1.13 0.12 
Open forest 45,587.61 61,060.14 62,029.62 15,472.53 969.48 18.14 1.14 0.86 0.08 
Croplands/ 

mixed 
vegetation 

9,074.25 11,360.25 11,961.81 2,286.00 601.56 2.68 0.71 0.13 0.05 

Non-vegetated 837.81 3,242.61 3,213.27 2,404.80 -29.34 2.79 -0.02 0.13 0.00 
Total 85,304.88 85,304.88 85,304.88        
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fertility and low productivity of cocoa farms as reasons why farmers 
encroach into the Forest Reserves of Krokosua, Tano Offin and Sui River 
to increase productivity. 

Despite the problem of encroachment of deforestation activities into 
some forest reserves, the BFR has over the years received relatively good 
protection. One of the main reasons for its effective conservation is the 
recognition of its high ecological and tourism value. This has led to 
constant control by the Forestry Commission (FC) and high research 
interest in the area evidenced by the long-term presence of researchers. 
Guards from the Forestry Commission of Ghana regularly monitor the 
area to detect and prevent illegal logging and other deforestation ac
tivities such as mining, and hunting. The long-term presence of re
searchers (since the year 1946; Djagbletey et al., 2018) has resulted in 
the protection of a so-called “science safeguarding effect ” in which 
scientists function as de facto park guards (Laurance, 2013) 

5. Conclusion 

The implementation of intensity analysis in the study area revealed 
significant changes across the land use classes. The study revealed an 
overall increased rate of land use and land cover change (LULCC), 
indicating extensive land development throughout the analysed in
tervals. Notably, the Croplands/mixed vegetation and non-vegetated 
classes experienced the largest gains, while the closed forest class 
consistently experienced losses in both time intervals. The gains in the 
non-vegetated class primarily originated from Croplands/mixed vege
tation, while closed and open forests were comparatively avoided. 
However, active transitions from closed forest and open forest to 
Croplands/mixed vegetation were observed in both intervals. Moreover, 
throughout the three time points, there was active transitioning between 
the Croplands/mixed vegetation and non-vegetated classes. 

Our research highlighted the effectiveness of using contemporary 
Landsat products to enhance our understanding and assessment of the 
conservation success of the protected area of Bobiri Forest Reserve in 
Ghana. Furthermore, the study unveiled a higher prevalence of defor
estation leakage within the 10 km buffer zones of the protected area of 
BFR. Nevertheless, the protected area itself curtails deforestation within 
its borders, as indicated by an observed annual deforestation rate of 0.06 
% throughout the entire study period, compared with a much higher 
deforestation rate outside the protected area (0.64 %) as what would be 
expected without protection. 

Considering the likelihood that the Protected Area (PA) of the Bobiri 
Forest Reserve (BFR) will continue to play a crucial role in conservation, 
we recommend implementing policy measures specifically geared to
wards protecting the buffer zone within a 10 km radius. This is partic
ularly important to the overall conservation goal of the area, as it would 
help prevent/reduce deforestation leakage within the buffer zone and 
reduce substantial threat of exposing the PA itself to various possible 
encroachment and other climatic threats. Additionally, the global pro
tected area network is formally established in international law through 
Target 11 of the 2010 Convention on Biological Diversity. However, 
focusing merely on protecting the boundary of a protected area does not 
necessarily translate to positive impacts on habitat and biodiversity, if 
the PA shifts threats to areas where biodiversity is more highly vulner
able. Investigating and managing this potential relocation effect should 
be a primary focus of research as more protected areas are designated. 
Our study provides important insights on ensuring more holistic pro
tected area management that would ensure long-term protection and 

Table 5 
Land use land cover transition matrix for two-time intervals: 1986 – 2007 and 2007 – 2022, the numbers represent the percentage of pixels transitioning between 
categories, with gains and losses calculated by deducting transitions within the same category.  

2007  

Land use/cover Closed forest Open forest Croplands/mixed vegetation Non-vegetated Total Gross loss (%)  

Closed forest 7480.98 20670.21 1436.49 217.53 29805.21 74.9  
Open forest 1834.83 36532.89 6158.34 1061.55 45587.61 19.86 

1986 Croplands/mixed vegetation 319.41 3828.96 3648.69 1277.19 9074.25 59.79  
Non-vegetated 6.66 28.08 116.73 686.34 837.81 18.08  
Total 9641.88 61060.14 11360.25 3242.61 85304.88   
Gross gain (%) 22.41 40.17 67.88 78.83 43.32 % Change  

2022         
Closed forest 6012.09 3283.83 339.3 6.66 9641.88 37.65  
Open forest 1620.63 56147.13 3213.27 79.11 61060.14 8.05 

2007 Croplands/mixed vegetation 446.04 2579.49 7506.9 827.82 11360.25 33.92  
Non-vegetated 21.42 19.17 902.34 2299.68 3242.61 29.08  
Total 8100.18 62029.62 11961.81 3213.27 85304.88   
Gross gain (%) 25.78 9.48 37.24 28.43 15.64 % Change  

2022         
Closed forest 6553.26 21090.96 1890 270.99 29805.21 78.01  
Open forest 1237.68 36715.23 6401.25 1233.45 45587.61 19.46 

1986 Croplands/mixed vegetation 303.12 4195.71 3417.03 1158.39 9074.25 62.34  
Non-vegetated 6.12 27.72 253.53 550.44 837.81 34.30  
Total 8100.18 62029.62 11961.81 3213.27 85304.88   
Gross gain (%) 19.10 40.81 71.43 82.87 44.63 % Change   

Table 6 
Summary of deforestation rates from 1986 to 2022 for the designated BFR and 
its surrounding environs (10 km radius). Deforestation rates are presented as 
both average annual percentage of land deforested (% land) between 1986–2007 
and 2007–2022, and average annual percentage forest deforested (% forest) 
from 1986 to 2007 and 2007 to 2022.  

Regions 1986 2007 2022 % change 
(1986 - 
2022) 

% Annual 
rate of 
Change 

Closed 
forest 
(BFR) 

5420.18 5415.94 5296.69 2.26 0.06 

Closed 
forest 
(Study 
area) 

29737.30 9608.21 8038.80 25.44 0.71 

Closed 
forest 
(Buffer 
zone) 

24317.12 4192.27 2742.11 23.18 0.64 

Total Land 
of the BFR 

5464.70 5464.70 5464.70  

Total land 
study area 

85304.89 85304.89 85304.89  
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ensure that maximum benefits are derived from such areas. This is 
important and has applicability for land/ resource managers, conser
vationists, researchers, and governments. 
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