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ABSTRACT

Ghana is among the countries with the highest net deforestation rates
worldwide. Open source high resolution satellite imagery is used for
forest monitoring to support compliance to REDD+. However, quantita-
tive national-level information on the drivers of deforestation drivers
remains generally incomplete or largely absent. This thesis aims to
identify important direct drivers of deforestation and their character-
istics in South-West Ghana between 2001 and 2015. The follow-up
landcover from 2017/2018 serves as a proxy to identify direct drivers.
Cocoa was found to be responsible for most deforestation, followed
by orchards, low vegetation, rubber and palm. A peak in deforesta-
tion in the year 2014 is potentially related to the fact that several me-
dia reported an expected cocoa shortage that year. Direct drivers were
related to the size of deforested patches to provide insight in the scale
of deforestation associated with different drivers. No association was
found between the drivers of forest loss and the scale of clearings,
which implies that patch size cannot be used to track drivers. Patches
below 0.5 ha were responsible for the largest area of deforestation.
This provides an indication that smallholder and/or subsistence agri-
culture are important causes of forest loss in the study area. New
hotspots of deforestation in 2015 are identified in order to provide
insight as to which emerging drivers are of growing importance. The
presence of palm and water in new hotspot areas was particularly
high compared to their overall importance. This provides guidance
to future conservation efforts.
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INTRODUCTION

Between 2001 and 2019, a total area of 386 million ha was deforested
worldwide, resulting in a 9.7 percent decrease in tree cover [1]. De-
forestation and forest degradation have severe adverse ecological and
socio-economic effects [2]. Among the ecological effects is the reduc-
tion of natural habitat, with potential biodiversity loss as a result [3],
[4]. In addition to that, loss of forest contributes to climate change by
limiting the uptake of greenhouse gas, and fostering its emission [5],
[6]. Socio-economic effects include loss of medicinal plants, shortage
of food and water, low agricultural productivity, and unemployment

[2].

Ghana is among the countries with the highest net deforestation rates
worldwide [7]. At the start of the 1900s, around one-third of Ghana
was covered by tropical forest, of which an estimated 78 percent had
disappeared by 1989 [8], [9]. More recently, an annual deforestation
rate of around 3 percent has been recorded [10]. Agricultural crops
such as cocoa, palm, and rubber are important drivers of deforesta-
tion in the area [11]-[14]. The industries behind these crops are in-
creasingly concerned about brand equity. The international commu-
nity is concerned about the loss of globally important biodiversity
and ecosystem services, including issues such as threatened species,
carbon sequestration and climate regulation. Ghana is one of over
30 countries that has committed to the implementation of policies
for Reducing Emissions from Deforestation and Degradation, con-
serving and enhancing forest carbon stocks, and sustainably manag-
ing forests (REDD+) [15]. The REDD+ mechanism was initiated by The
United Nations Framework Convention on Climate Change (UNFCCC)
and offers financial incentives for developing countries to reduce
emissions from deforestation and forest degradation.

Open source high resolution satellite imagery is used to support
compliance to REDD+ through forest monitoring. At the global scale,
Hansen et al. have published annual quantifications of global forest
loss and gain since 2001 based on Landsat imagery [16]. In addition,
national governments are developing their own forest monitoring sys-
tems [17]. A study on the status of forest monitoring in tropical coun-
tries has quantified Ghana’s capacity to use remote sensing data and
measure forest area change as ‘good’ [17]. The availability of glob-
ally consistent and locally relevant remote sensing imagery allows for



INTRODUCTION

large scale identification and quantification of forest loss in a trans-
parent and cost-effective manner [18].

However, quantification of forest loss is not sufficient to understand
the drivers of deforestation. Drivers can be either direct (proximate)
or indirect (underlying). Proximate drivers are human activities or
actions that originate from intended land use and directly result in
forest loss [19]. Underlying drivers are social processes and contexts
that have an indirect influence on deforestation, e.g. population dy-
namics or agricultural policies [19]. Insight regarding the drivers of
deforestation can complement forest loss monitoring by allowing for
more direct targeting of the roots of the problem.

Earlier research on the drivers of tropical deforestation has been done
globally [20], [21], as well as specifically in the tropics [19], [22]. How-
ever, quantitative national-level information on deforestation drivers
remains generally incomplete or largely absent; for many developing
countries it is unclear how much deforestation is caused by specific
drivers [23]. Quantitative analysis of the drivers of deforestation is
fundamental to the development of policies and measures to reduce
deforestation [23]. It allows for direct targeting of the supply chains of
different crops, thereby helping industries and countries to minimize
forest loss. In addition, it can support the development of landscape
level approaches, where different supply chains join efforts to halt
deforestation and improve ecosystem services in a given landscape.

Remote sensing data is a useful tool for large scale driver analysis.
Use of satellite imagery allows for accurate quantification of the im-
portance of different drivers on a national level. At the same time, the
high spatial resolution of satellites such as Landsat and Sentinel make
their products suitable for detailed regional or local analyses. Further-
more, high-resolution imagery allows for analysis of driver charac-
teristics, such as the typical size of deforested areas. This provides
an indication as to whether deforestation is for commercial or sub-
sistence agricultural purposes [22]. Insight in the scale of forest loss
associated with different drivers could foster identification of drivers
in the future. Furthermore, use of satellite imagery with statistical
models can provide insight in spatio-temporal trends of deforesta-
tion and its drivers. These trends could not be easily identified on a
large scale through fieldwork or by visual inspection of the data [24].
The identification of new clusters of forest loss can provide guidance
as to which areas and drivers require further attention for analysis
or conservation efforts [24], [25]. This information is of use for con-
servationists, national governments, as well as agricultural industries
which are looking to conserve the forest as well as their image.
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1.1 RESEARCH OBJECTIVES

This thesis aims to identify the most important direct drivers of defor-
estation and their characteristics in South-West Ghana between 2001
and 2015. The follow-up landcover from 2017/2018 serves as a proxy
to identify direct drivers. Thus, deforestation of an area between 2001
and 2015 is attributed to the landcover that was present in the area
in 2017/2018. It is important to note that follow-up landcover can
either be the primary motive for forest clearance, or replace forest
previously degraded by wood extraction or fire [2]. This distinction
is beyond the scope of this research. Therefore, the signification of
"follow-up landcover” and ’driver” is interchangeable in this thesis.

The rest of this thesis addressed the following research objectives:

1. Identify direct drivers of deforestation in South-West Ghana be-
tween 2001 and 2015 based on a 10 m resolution landcover clas-
sification.

2. Analyse the size of forest clearings in relation to the direct
drivers addressed in objective 1 in order to provide insight into
the scale of deforestation.

3. Analyse the drivers found in new hotspots of deforestation in
2015 in order to provide insight as to which emerging drivers
were of growing in importance.



DATA AND METHODS

This chapter first introduces the study area, followed by the data and
methods.

2.1 STUDY AREA
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Figure 1: Deforestation in the study area in South-West Ghana between 2001
and 2015.

Ghana’s history as one of the countries with the highest forest loss
worldwide calls for an analysis of its drivers [7]. The study area of
this research is located in South-West Ghana. It encompasses an area
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of around 67 800 km?, which has been deforested significantly in re-
cent years (Figure 1) [16]. Ghana’s tropical forests are located in the
south and west, while the central and northern zones are savanna [26].
The area of interest includes protected and deforested areas around
Kumasi. The location of the study area was determined by the avail-
ability of a landcover classification that includes classes for important
drivers of deforestation in the area, such as cocoa, palm, and rubber

[11]-{14].

2.2 DATA

This section introduces the deforestation data that was used, followed
by the data that was used to analyse drivers.

2.2.1  Deforested areas and forest mask

Deforestation data for the years 2001 until 2015 were obtained in a
30-meter resolution from the Global Forest Change dataset produced
by Hansen et al. [16]. The year 2015 was used as a cut-off, because
follow-up landcover data was only available for the years 2017/2018.
The 2-year gap between 2015 and 2017 was left to ensure a reliable
estimation of drivers, as tree crops like cocoa, rubber, and palm take
a while to mature [27], [28]. All layers were clipped to the extent of
the study area in QGIS 3.12.3. The forest loss layer, indicating the
year that a particular patch of forest was lost, served as the basis of
the current analysis. Hansen et al. define ‘tree cover” as all vegeta-
tion above 5 meters in height, which includes both natural forest and
plantations [16]. In order to limit the inclusion of non-forest cover, a
layer with the percentage tree cover from the same dataset was used
to mask out areas with a canopy cover below 30 percent. Applying a
relatively high tree cover threshold of 30 percent helps to eliminate
less densely planted plantations [29]. The dataset does not include
areas that were deforested a second time after reforestation.
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2.2.2  Follow-up landcover
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Figure 2: Landcover map used to identify drivers of deforestation between
2001 and 2015. The classification was produced by a Random For-
est trained with 8oo points per class on Sentinel-1 and Sentinel-2
composites from 2017 and 2018.

The current analysis makes use of a recent g-class landcover classifi-
cation of South-West Ghana that was made in collaboration with the
The Alliance of Biodiversity International and the International Cen-
ter for Tropical Agriculture (CIAT) (Figure 2) [30]. The classification
was based on Sentinel imagery from the years 2017 and 2018 and
is used to established follow-up landcover after deforestation events
between 2001 and 2015. It was produced by a Random Forest algo-
rithm trained with 8oo points per class on Sentinel-1 and Sentinel-2
composites with a resolution of 10 meters. The classification includes
classes for cocoa, rubber, palm, and orchards, which are important
known drivers of deforestation in Ghana [11]-[14], [31]. In addition
to these classes, seasonal crops are featured, which are planted and
harvested annually and therefore have a different temporal signature



than the other classes. The classification is completed with classes for

low vegetation, urban, and water.

2.3 METHODS

Table 1: Map accuracy of the Random Forest landcover classification [30]

CLASS PRECISION RECALL F1
Cocoa 93.5 (93.3, 93.6) 63.8 (63.6,63.8) 75.8
Forest 74.6 (74.2, 75.1) 78.1 (78.0,78.3)  76.3
Palm 70.7 (70.3, 71.2) 55.8 (55.5,56.1) 624
Orchard 22.6 (22.2, 23.0) 85.7 (85.4, 86.0)  35.8
Low vegetation 89.0 (88.8, 89.3) 69.2 (69.1, 69.2)  77.8
Urban 82.2 (81.9, 82.6) 88.1 (87.1, 89.1)  85.1
Seasonal 64.3 (63.8, 64.8) 96.4 (95.9,96.9)  77.1
Water 100.0 (100.0, 100.0) 100.0 (100.0, 100.0) 100.0

The classification has a moderate overall validation accuracy of 75.6
percent. The classes of rubber, orchard, and seasonal reached a preci-
sion below 70 percent. Orchards reached a particularly low precision
of only 22.6 percent, which indicates that large areas were wrongly
classified as this landcover. (Table 1). Recall fell below 70 percent for
the classes of cocoa, palm, and low vegetation, which indicates that
a relatively high proportion of these crops was classified as some-
thing else. F1 was lower than 70 percent for palm and orchard (which
reached only 35.8 percent). To the best of my knowledge, existing
classifications do not include separate classes for Ghana’s most im-
portant (cash) crops and drivers of deforestation. A more elaborate
discussion of the landcover classification and its quality can be found
in [30].

2.3 METHODS

This section starts with the methods for the analysis of direct drivers
between 2001 and 2015, followed by the methods to analyse the size of
deforested patches in relation to these drivers and the steps taken to
perform and assess emerging hotspot analysis. Processing took place
in R version 4.0.2. Emerging hotspot analysis was performed in Ar-
cGIS Pro 2.5.1.

7
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2.3.1 Direct drivers between 2001 and 2015

. , Reclassify forest loss Mask landcover to Calculate deforested
Align forest loss '01- .
\ . 2001-2015 to create 1 forest loss rasters to area per driver (per
15 to landcover '17/'18 : .
raster per year obtain yearly drivers year)

Figure 3: Workflow for the first research objective.

After masking out deforested areas with a tree cover below 30 percent,
the forest loss raster was resampled and aligned (nearest-neighbour)
to the landcover raster to ensure that cells overlapped (Figure 3). As
a result, the forest loss raster was resampled to a resolution of 10
meters.

Next, the forest loss raster was reclassified to create 1 raster per year
with a binary cell value of o or 1 that indicated whether it had been
deforested in the year in question. The resulting 15 rasters were used
to identify the most important deforestation drivers for each year.

The landcover dataset was masked to the deforested areas in each
raster, resulting in 15 rasters with the landcover of deforested area
of each year. These rasters formed the basis of the calculation of the
deforested area that could be attributed to each driver for each year.
In addition, they allowed for the calculation of the total deforested
area that could be attributed to each driver.

2.3.2  Size of forest clearings in relation to the deforestation driver

Create 1 raster per
landcover and calculate
area statistics

Merge 15 rasters with Project merged
landcover per year landcover raster

Figure 4: Workflow for the second research objective.

The 15 rasters with the landcover of deforested areas per year were
merged in order to calculate the size of forest clearings associated
with different drivers (Figure 4). The merged landcover raster was
projected to a metric system (ESPG:32630 - WGS 84 - UTM zone 30N)
in QGIS in order to be able to calculate area statistics.

One raster was created for each landcover in order to calculate statis-
tics on the (proportional) patch size by driver. A patch in this context
consists of consecutive raster cells of deforested area. This also al-
lowed for calculations of the deforested area per patch size for each
class, which provides an indication as to whether overall deforesta-
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tion is is mostly in small or big patches. Bin sizes were 0.5 and 1 ha
intervals up to patches of 5 ha. Patches bigger than 5 ha were consid-
ered to have a relatively high chance of being commercial plantations.
They were placed in a single bin due to their relatively low frequency.
It is important to note that very small deforested patches may some-
times result from sensor noise. However, field research found that
slash and burn agriculture resulted in land holdings between 0.06
and o.5 ha [10]. The smallest patches in the analysis are therefore not
considered unrealistically small.

2.3.3 Emerging hotspot analysis

Aggregate forest loss Create space-time cube . Obtain and analyze
Run emerging hotspot - ;
rasters to 1 km from aggregated : landcover in emerging
. analysis
resolution rasters hotspot areas

Figure 5: Workflow for the third research objective.

Emerging hotspot analysis in ArcGIS Pro was performed to identify
new hotspots of forest loss. A hotspot in this context is an area that
exhibits statistically significant clustering of forest loss in the com-
bined spatial and temporal domains [24]. The analysis applies the
Getis-Ord Gi-statistic to evaluate the location and the degree of spa-
tial clustering [32], and the Mann-Kendall trend test to evaluate tem-
poral time-series trends [33], [34]. The cluster and trend results from
these statistics are used to categorize square bins (in this case 1 by 1
km in size). Emerging hotspot analysis allows for the identification of
different types of hot- and coldspots over time, depending on when in
the period of interest high or low activity was measured. The currect
analysis was limited to new hotspots. A new hotspot is as a statisti-
cally significant hotspot (p value < 0.05) in the final time step that
has never been a significant hotspot before. This provides insight as
to which emerging drivers require attention in upcoming years.

In preparation for the emerging hotspot analysis, the 15 rasters with
deforested area per year were aggregated to a resolution of 1 km (Fig-
ure 5). The choice for a 1 km resolution was made after empirically
testing 1 km and 5 km bins. The 1 km bin preserved a varied distri-
bution of forest loss counts, caught more localized trends, and suited
the scale of the analysis. Aggregated cell values were the sum of all
deforested cells.

A space-time cube was created from these aggregated rasters in Ar-
cGIS Pro. In the space-time cube, each bin with data represents its
own independent time series [24]. The aggregated cells constituted
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the spatial dimension; the resolution of the time dimension was yearly.
The resulting cube served as an input to the emerging hotspot analy-
sis.

The hotspot raster was exported and projected to the metric WGS 84
- UTM zone 30N crs before further analysis. R was used to calculate
the absolute, as well as the proportional area per landcover in areas
with new hotspots. The proportional area was obtained by dividing
the area per class in new hotspots by the total deforested area of that
class.

10



RESULTS

This section first presents the results from the analysis of direct drivers
(objective 1) followed by the analysis of the size of forest clearings (ob-
jective 2) and the hotspot analysis (objective 3).

3.1 DIRECT DRIVERS BETWEEN 2001 AND 2015
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Figure 6: Deforested area (ha) attributed to direct drivers of deforestation
between 2001 and 2015.

The analysis showed that between 2001 and 2015, a total area of 558
150 ha of forest was lost. Cocoa was the most prominent driver, cov-
ering an area of 183 137 ha (Figure 6). Orchards (102 408 ha) and low
vegetation (96320 ha) are second and third in line, followed closely
by rubber (51 240 ha), palm (47 565 ha), and forest (44 183 ha). Urban
(15 531 ha), seasonal (10 018 ha) and water (7 747 ha) are the least
important drivers.
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3.2 SIZE OF FOREST CLEARINGS IN RELATION TO THE DEFORESTATION DRIVER
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Figure 7: Deforested area (ha) attributed to direct drivers of deforestation
between 2001 and 2015 per year.

The importance of drivers remained relatively stable during the study
period, although the extent of total deforestation varied (Figure 7). In
2002, a relative peak in deforestation of almost 70 0oo ha in total was
reached. From 2013 onward, the deforested area per year was never
below 46 000, with a peak of almost 95 0oo in 2014.

3.2 SIZE OF FOREST CLEARINGS IN RELATION TO THE DEFOR-
ESTATION DRIVER
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Figure 8: Deforested area per patch size interval. Note, the highest interval
includes all patch sizes above 5 ha; the highest patch size is almost
8 500 ha in size.
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3.2 SIZE OF FOREST CLEARINGS IN RELATION TO THE DEFORESTATION DRIVER

Despite their small size, patches with an area between o and o.5 ha
are responsible for the highest total area of deforestation due to their
high frequency of occurrence (Figure 8). In second place are patches
with a size between 0.5 and 1 ha, followed by patches between 1 and
2 ha, and patches between 5 and 8 500 ha.

The median patch size of forest clearings does not differ much for
different drivers. It falls between 0.02 ha for the classes of orchard, low
vegetation, rubber, palm, forest, and seasonal and 0.03 ha for cocoa,
urban, and water. The mean patch sizes is higher than the median
for all classes, which indicates a positively skewed distribution. The
difference between the median and the mean is the largest for cocoa,
followed by seasonal, urban, and water.

1.09

094

=
@
L

Patch size (ha)
(0,05]

. {05,1]

(1.2

B -

- @4

el EE

1 . - - ] - (5,8.5¢+03]
fe————"3

Propartion
o ) ) ) o ) )
o s b i n > b

et
o
L

coeod  grdard | gegetd® ™ guoer pam pored  UpaN  ggmsofd  yyater

Driver

Figure 9: Area proportion of deforestation by patch size per driver. Note,
the highest interval includes all patch sizes above 5 ha; the highest
patch size is almost 8 500 ha in size.

Further analysis of which patch sizes characterize different drivers
shows that the proportion of deforestation by different patch sizes
is rather similar for many drivers (Figure 9). Patch sizes below 0.5
ha are responsible for most deforestation for the classes of orchard
and palm, followed by forest. Relatively big patch sizes are mostly
responsible in the seasonal class, followed by water and urban.

13
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3.3 EMERGING HOTSPOT ANALYSIS
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Figure 10: New hotspot areas in the study area in Ghana in 2015, contextual-
ized by the locations of primary forest, existing palm plantations,
and open-cast mines (Data source: OSM.

Emerging hotspot analysis provides insight into the location of new
hotspots of forest loss and their drivers.New hotspots were exclu-
sively found in the Southern part of the study area (Figure 10). A total
of 12 hotspots were found, of which 6 are located relatively close to
one another near the town of Tarkwa, where the ‘Gold Fields Tarkwa
Mine’ is located.

In the West, the two Northern hotspots partly cover fragmented pri-
mary forest areas along relatively small (dirt) roads that are not cap-
tured by the OpenStreetMap (OSM) layer (Figure 10). The area has sev-
eral (relatively small) existing plantations, including palm and rubber.
The more Southern hotspots are located near the large ‘Plantation
d’Ehania’, which reference with data from Hansen et al. confirms
was gradually expanded between 2002 and 2015 [16]. A last hotspot
is found in the east of the study area, just South of an another existing
palm plantation between Twifo Praso and Twifo Hemang, which was
expanded between 2003 and 2015.

14
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Figure 11: Area proportion of different drivers in all deforested areas and
new hotspots.

The overall deforestation in the study area between 2001 and 2015
amounts to 558 150 ha. New deforestation hotspots make up a total
area of 974 ha, which is 0.17 percent of the total deforestation. Cocoa
constitutes the largest proportion of overall deforestation, followed
by orchards and low vegetation (Figure 11). In new hotspots, palm is
associated with the largest proportion of deforestation, followed by
orchards and low vegetation. The difference between drivers’ overall
importance and importance in new hotspots is particularly large in
the cases of cocoa, palm and water. Cocoa is relatively more important
in the overall study area, while palm and water have a relatively high
presence in new hotspots.
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DISCUSSION

This section interprets the findings that were presented in the pre-
vious section in light of existing research, highlighting the three re-
search objectives one at a time.

4.1 DIRECT DRIVERS BETWEEN 2001 AND 2015

The analysis of the most important drivers of forest loss between 2001
and 2015 showed that cocoa was the most prominent driver (Figure 6),
which is in line with earlier (localized field) research [11], [12], [35].
Previous research has furthermore pointed to palm and rubber as
main agricultural drivers [13], [14]. The current analysis found that
although these crops caused 47 565 and 51 240 ha of deforestation
respectively, they were surpassed in importance by orchards and low
vegetation.

The importance of low vegetation suggests that some deforested areas
remained fallow for at least two years (from 2015-2017), or that newly
planted crops were still too small to be identified at the time that
landcover was classified. This could partly be solved by increasing
the time between the year of deforestation and classification. How-
ever, the time series of forest loss show that low vegetation makes up
a relatively stable proportion of landcover over time (Figure 7). Fur-
ther research is needed to better understand the use of these areas,
which may include for example the maintenance of livestock and/or
frequent slash and burn cycles.

The apparent importance of orchards as drivers also requires further
verification. Although the production of fruits and nuts is of impor-
tance to Ghana’s local and national economies, these crops have not
been identified as main drivers of deforestation in earlier research
[36]. The results from the current analysis provide insight in their
potential importance as drivers, but this may partly be explained by
their overrepresentation in the landcover map (Table 1). Classification
of orchards is challenging due to their dense canopy cover which re-
sembles non-productive trees [37]. Improvement of the classification
is desired to obtain a more reliable estimation of the contribution of
orchards (and other drivers) to forest loss. The limited quality of the
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current classification should be taken into account in the interpreta-
tion of the results.

The presence of forest as a driver of deforestation is paradoxical, even
though it ‘only” covered an area of 44 183 ha. The results can be ex-
plained by a number of factors, some of which are likely methodolog-
ical errors. In some areas, conservation efforts may result in forest
regrowth after deforestation caused by illegal logging, forest fires, etc.
[37]. In addition to that, de- and reforestation cycles may be observed
in areas that are planted and logged cyclically to meet the country’s
demand for timber [38]. However, the presence of forest as a driver
will be partly due to inconsistencies between the landcover classifica-
tion and the forest loss dataset. Importantly, the definitions of forest
of the two datasets were not fully in line [16], [30]. The landcover clas-
sification was trained with natural forest, while the definition used by
Hansen includes all vegetation above 5 meters in height, including
both natural forest and plantations [16]. The forest mask of 30 per-
cent canopy cover cannot exclude all plantations, which implies that
dense plantations that are cut and replanted will be included in the
forest loss layer. Use of a primary forest mask could help to solve this
problem, although it implies a loss of information about non-primary
forest loss. In addition to that, local discrepancies result from differ-
ences in the methods to detect forest and the imagery used (Landsat
[16]/Sentinel [30]).

Besides methodological differences between the two datasets, either
dataset has its own errors. Clouds will always impact passive optical
sensors such as Landsat and Sentinel in areas with persistent cloud
cover such as West Africa, which compromises the quality of result-
ing classifications [39]. Furthermore, the quality of classifications de-
pends on the quality of the training dataset, which was relatively
low for the landcover classification Table 1. This classification often
confused cocoa plantations and intercrops for natural forests. Such
crops with a dense canopy resemble forest, which results in ‘defor-
estation [or reforestation] in disguise” [37]. Once again, this stresses
the need to improve the landcover classification. In addition, a distinc-
tion should be made between natural forest and production forests
with trees planted in a regular pattern.

The time series analysis of deforestation showed a number of years
with particularly high forest loss, with the highest peak in 2014 (Fig-
ure 7). No one driver stood out particularly in that year, which com-
plicates the search for an explanation of this apparent increase in
deforestation. However, it is clear that cocoa was the primary driver,
and a tentative explanation for an increase in forest loss for cocoa
production in the year 2014 is available. Two years earlier, in 2012,
large chocolate manufacturers such as Barry Callebaut and Mars ex-

17



4.2 SIZE OF FOREST CLEARINGS IN RELATION TO THE DEFORESTATION DRIVER

pressed concerns about future cocoa shortages [40]. Media picked
this up two years later, reporting on the expectation that the world
would be running out of chocolate [41]-[43]. The International Co-
coa Organization (ICCO) issued a statement in which it explained that
no extreme shortages were expected [44]. Nevertheless, the idea that
there would be a cocoa shortage may have induced increased defor-
estation activity. Newly cleared forest areas produce up to 25 per-
cent higher yields than replanted areas, and clearing a new forest
area costs about half the effort of replanting an existing plantation
[45]. Areas that were deforested in response to the expected cocoa
shortage may sometimes eventually have been planted by crops other
than cocoa (perhaps after consideration of the statement by the ICCO).
The expected cocoa shortages and resulting economic opportunities
may thus also partly explain relatively high forest loss in areas that
were eventually planted by crops other than cocoa. More research
is needed to verify this theory and understand the cause-and-effect
relationships involved.

4.2 SIZE OF FOREST CLEARINGS IN RELATION TO THE DEFOR-
ESTATION DRIVER

The analysis of patch size in relation to different drivers showed that
patches below 0.5 ha were responsible for the largest total deforested
area (Figure 8). Small patches are associated with smallholder or sub-
sistence agriculture, while bigger patches provide an indication of
commercial plantations [22]. In 2016, smallholder farms had an av-
erage size of just over 2 ha [46]. Contrary to expectations, the mean
patch size was similar for all classes, far below 2 ha. This is surprising
as some drivers (palm, rubber) were expected to be associated with
large scale plantations, while others (cocoa, seasonal) were expected
to be grown by smallholders relatively often [47]. The low variation in
patch size by driver suggests that small scale deforestation was most
common for all drivers. The fact that there was no clear association
between the driver of forest loss and the scale of deforestation implies
that patch size cannot be used as a guide to pinpoint drivers.

The apparent importance of subsistence agriculture over commercial
plantations is in line with previous research, which states that agri-
cultural commercialization in Ghana has been largely small-holder
based in Ghana, as opposed to other African countries [48]. In spite of
several large-scale international land acquisitions, smallholders still
constituted 9o to 95 percent of the farms in the previous decade [49],
[50]. Continuous small-scale deforestation in spite of forest manage-
ment efforts may be partly explained by the fact that 8o percent of
Ghana’s land is held under customary land tenure, which compli-
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cates forest management structure and conservation reinforcement
[48]. Field research is needed to verify the importance of subsistence
agriculture over commercial plantations for different drivers, as patch
size will not always suffice to make this distinction.

4.3 EMERGING HOTSPOT ANALYSIS

The identification of drivers in new hotspots provides guidance as
to which upcoming drivers deserve further attention for the purpose
of conservation [24], [25]. Cocoa was highly represented in hotspots
areas, but passed by palm as the most prominent driver, in spite
of its overall importance from 2001 to 2015. Palm and water were
highly presented in new hotspot areas in 2015 compared to their
overall importance from 2001 to 2015. The presence of palm can be
explained by the development of palm plantations over the years. The
‘Plantation d’Ehania” and the “Twifo’ plantation were both expanded
from 2002/2003 until 2015. These large commercial plantations were
expanded relatively quickly, which makes their appearance in new
hotspots more likely. The prevalence of water in new hotspots can
be explained by the practice of open-cast mining. The water areas in
new hotspots were found near the ‘Gold Fields Tarkwa Mine’. Open-
cast mines like the "Tarkwa’ mine are generally filled with water and
will therefore often be classified as such. Verification with satellite
imagery verified that this was the case here as well. The Ghanaian
mining industry is an important driver of deforestation. Companies
with permits for surface mining have cleared large tracts of forests [9],
[51]. Besides commercial legal mining, illegal artisanal mining prac-
tices, which result in severe soil erosion, are deeply rooted in the local
culture and supported by traditional leaders [52], [53]. Future classi-
fications for the purpose of driver analysis should include a separate
class for open-cast mines.
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CONCLUSION

This thesis has analysed direct drivers of deforestation and their char-
acteristics in South-West Ghana between 2001 and 2015. Drivers were
identified as follow-up landcover after deforestation based on a 9-
class landcover classification of the year 2017/2018. Cocoa was found
to be responsible for most deforestation, in line with earlier research
[11], [12], [35]. Orchards were found to be the second most promi-
nent driver, followed by low vegetation. Rubber and palm, which are
traditionally considered important drivers of deforestation in other
geographies, came 4th and 5th [13], [14]. Further analysis is needed
to validate these findings.

The analysis showed a peak in deforestation in the year 2014. A ten-
tative explanation for the high forest loss in that year relates to the
fact that several media reported an expected cocoa shortage that year
[41]-[43]. This may have led people to clear land for cocoa produc-
tion. The fact that the proportion of cocoa driven deforestation was
not much higher than in other years suggests that newly cleared for-
est was eventually partly used for other crops when it became clear
that cocoa shortage was overstated [44]. Further research is needed to
verify this hypothesis.

The second objective of this thesis was to analyse the size of forest
clearings in relation to their driver. No association was found between
the drivers of forest loss and the scale of clearings, which implies that
patch size cannot be used to track drivers. Patches below 0.5 ha were
responsible for the largest area of deforestation. This provides an indi-
cation that smallholder and/or subsistence agriculture are important
causes of forest loss in the study area. Forest monitoring should not
overlook such small scale deforestation, as its total impact on forest
loss has proven bigger than that of large plantations.

Thirdly, emerging hotspots of deforestation in 2015 were analysed.
Palm and water were particularly important in new hotspot areas,
compared to their overall importance. Cocoa was relatively unimpor-
tant, due to its high presence as a driver in earlier years. The emer-
gence of palm in hotspot areas was explained by the expansion of ex-
isting plantations. Water was found in an open gold mine; a separate
class for mines should be included in future versions of the landcover
map. These emerging hotspots can guide monitoring activities by pro-
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CONCLUSION

viding a statistical tool to identify new hotspots of deforestation and
their associated drivers.

The analyses in this thesis have demonstrated the potential use of
remote sensing for the analysis of deforestation drivers. Analysis of
satellite imagery can complement fieldwork by allowing for objective
analyses of drivers and associated trends over large areas at a rela-
tively low cost [11].
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