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Abstract

Large-scale identification of land use and land cover change in a tropical forest is a challenge to landscape designers and
forest ecologists. Here, Landsat images acquired during the years 2000, 2009, and 2018 were used to assess the spatial-
dynamics of land use and land cover (LULC) during the last two decades (2000-2018). A classification system composed
of six classes—dense forest with (high tree density and low tree density), swampy Raphia forest, swampy flooded forest and
savanna were designed as LULC for this study. A maximum likelihood classification was used to classify Landsat images
into thematic areas. Elsewhere, Landsat-based LULC mapping, post classification at the per-pixel scales and self-knowledge
on the land cover change processes were combined to analyze LULC change, forest loss and change trajectories in Doume
Communal Forest in eastern Cameroon. The results show that half of the study area changed in 2000-2009 and that the dif-
ferent types of LULC changes increased and involved more diverse and characteristic trajectories in 2009-2018 compared
to 2000-2009. Degradation to a dense forest with low tree density and swampy Raphia forest was dominant, and the forest
was mostly lost due to trajectories that involved conversion to agroforestry systems (10%), and a lesser extent due to trajec-
tories that involved deforestation to grasslands (7%). The trajectory analyses did thus contribute to a more comprehensive
analysis of LULC change and the drivers of forest loss and, therefore, is essential to improve the sustainable management
and support spatial planning of the forest.

Keywords Geographic information systems - Land use/land cover changes - Land management - Multi-temporal Landsat
imagery - Remote sensing - Tropical rainforest - Cameroon

Introduction

Land use and land cover (LULC) comprises two separate ter-
minologies which are often used interchangeably (Dimyati
et al. 1996). Land cover refers to the physical characteris-
tics of the earth’s surface, captured because the distribution
of vegetation, water, soil and other physical features of the
land, including those created by anthropogenic activities.
Land use, however, refers to the way land is used by humans
including all infrastructure, usually highlighting the func-
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tional role of land for their economic activities (Rawat and
Kumar 2015). The LULC pattern of ecosystems is an out-
come of natural and socio-economic factors and their spa-
tial-temporal utilization. Information on LULC and pros-
pects for his or her optimum use is crucial for the choice,
planning, and implementation of land use schemes to satisfy
the increasing demands for basic human needs and welfare.
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This information also assists in monitoring the dynamics of
land use resulting from the changing demands of the increas-
ing populations.

Studies on LULC (e.g. Lambin et al. 2001; Geist and
Lambin 2002; Kibret et al. 2016; Gidey et al. 2017; Kindu
et al. 2018; Momo Solefack et al. 2018) show that socio-
economic and biophysical variables act as the driving forces
of land use changes. Miheretu and Yimer (2017) subdivided
these drivers into two groups: proximate causes and underly-
ing causes. Proximate causes are the activities and actions
that have an affect on land use, e.g. wood extraction or road
construction. Underlying causes are the elemental forces that
underpin the proximate causes, together with demographic,
economic, technological, institutional and cultural factors
(Geist and Lambin 2002), that represent the biggest driver
of biodiversity loss and climate change (Bellard et al. 2012;
Zari 2014; Wu et al. 2017). Due to these global drivers,
LULC change is present in all environments across the globe
(Lambin et al. 2001; Geist and Lambin 2002).

Each year large surfaces of tropical forests are pro-
foundly transformed by anthropogenic activities (Le Toan
et al. 2011; Harris et al. 2012; Le Quéré et al. 2013; Malhi
et al. 2014; Le Quéré et al. 2016). Due to the huge negative
impact of forest loss on global climate change and ecosys-
tem services, tropical deforestation is considered as the most
paradigmatic example of LULC change (Foley et al. 2005).
During the last two decades, 80% of new agricultural land
across the world came from the conversion of tropical for-
est (Gibbs et al. 2010; Pendrill and Persson 2017) meaning
that about one-third of the global land surface is classified
under this land use (Ellis et al. 2010; Sebastian et al. 2015).

The forests of Cameroon, with around 22.5 million ha of
forest cover, or 48% of the national territory, represents the
second largest tropical forest area in Congo Basin after those
of the Democratic Republic of Congo (De Wasseige et al.
2009). According to the FAO, the annual average deforesta-
tion rate in Cameroon for the 1980-1995 period was 0.6%
or a loss of close to 2 million ha (WRI, UNEP, UNDP and
World Bank 1998). During 1999-2000, however, the defor-
estation rate was close to 0.9%, and reached 1% between
2000 and 2005 (FAO 2006). Between 1990 and 2010, it is
estimated that Cameroon lost 4400 ha (18.1%) (FAO 2011).
This fast deforestation rate of destructing ecosystems is a
major threat to global biodiversity (Myers 1988; Sanger-
mano et al. 2012; Marchese 2015). It also compromises the
future of many indigenous people as well as the future of
local populations (Lewis et al. 2009; Smail and Lewis 2009).
Understanding LULC change and its underlying factors is
important for biodiversity conservation and climate change
mitigation policies.

LULC change can contribute to climate change through
changes in the global carbon cycle (Davies-Barnard et al.
2015). Such impacts underpin several global initiatives
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that Cameroon has subscribed to, such as REDD+ and the
Nagoya protocol of the Biological Diversity agreement,
which seeks to reduce LULC change patterns and their
impacts on biodiversity (CBD 2005). However, the success
of such initiatives relies in part on sound scientific informa-
tion on LULC change levels in tropical regions and their
evolution over time, but quantitative data on LULC change
are generally incomplete and unreliable (Ramankutty et al.
2007; Grainger 2008; Grainger 2010). Even though LULC
change has attracted much attention over the last three dec-
ades, for lower-income countries, understanding their pro-
cess and structure over the space and time remains one of the
major challenging activities (Ghilardi et al. 2016).

Several studies used remote sensing and geographic infor-
mation system (GIS) tools to obtain accurate and timely spa-
tial data of land use and land cover, as well as information
on the changes in a study area (e.g. Gidey et al. 2017; Momo
Solefack et al. 2018). Remote sensing images can effectively
record the current status of land use and provide an excel-
lent source of data, from which updated LULC information
and changes can be extracted, efficiently analyzed through
certain means (Pradhan et al. 2008; Singh et al. 2017).
Therefore, remote sensing is widely used in the detection
and monitoring of land use at different intervals and scales
(Lu et al. 2012a; Basnet and Vodacek 2015; Momo Sole-
fack et al. 2018) while GIS provides a flexible environment
for collecting, storing, displaying and analyzing digital data
necessary for change detection.

While these tools are of unparalleled importance for forest
sustainable management and monitoring, it is also true that
they are not frequently used by forest managers both at the
national and local level. This study focuses on the Doume
Communal Forest (DCF) situated in eastern Cameroon and
belonging to the guineo-Congolese domain (Letouzey 1985).
The forest is crucial for both national development and the
livelihoods of about 22,763 local inhabitants (Anonymous
2015). This forest is subject to intense pressure due to rapid
population growth, logging and hunting activities that exert
a diverse ecological impact on the forest ecosystems. There-
fore, to address the challenges of global change, vulnerabil-
ity, resilience and adaptive capacity of the forest ecosystem
and improve the management and monitoring of natural
resources, timely, accurate and up to date information of
LULC change and trajectories are required.

This study aims to analyze the land cover changes and
trajectories that have occurred in Doume Communal Forest
over the past two decades (2000-2018) using the integra-
tion of remote sensing and GIS applications. We address
the question: what are the dynamics and the trajectories
of LULC in the DCF for the three periods of 2000-2009,
2009-2018, and 2000-2018? Considering the process of
Doume Communal Forest classification started in 2008
and assuming that its management follows the principles
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of sustainable management, it is expected that the dynam-
ics and change trajectories of LULC for the second dec-
ade 2009-2018 would be lower than for the first decade
2000-20009.

Materials and methods
Study area

The study was conducted within the semi-deciduous for-
est, Doume Communal Forest (DCF) in eastern Cameroon
(4°31'0"S and 13°47'5"W). The forest is managed by the
Doume municipality and cover an area of 45,359 ha divided
into two blocks (25,810 ha for block 1 and 19,549 ha for
block 2). The first block is located between 4°16'N, 4°32'N,
13°16'E, and 13°32’E and shares boundaries with the Dou-
maintang Communal and Bayong community forests. The
second block is located between 4°8'N, 4°16'N, 13°12'E and
13°32'E and shares boundaries with the Angossas Commu-
nal forest (Fig. 1 ). The vegetation belong to the guineo-Con-
golese domain and classified as Sterculiaceae and Ulmaceae
forest (Letouzey 1985).

The DCEF lies within the geological bedrock. Some areas
characterized by the presence of migmatic gneisses and ana-
texis granites belonging to the Precambrian base complex
dated between 2.5 and 1.8 billion years (Nougier 1979 cit.

Anonymous 2015). The soils are derived from the alteration
of metamorphic source rocks widely dominate. The DCF
is covered mostly by ferralitic red soils, loose and perme-
able, with little humus which can be several meters thick and
the minerals are completely hydrolyzed with the removal
of bases and silica. These soils are poor in nutrients, acids
and fragile. In the shallows, the soils are hydromorphic to
gley (Anonymous 2015). Relatively uniform, the relief of the
forest can be described as slightly uneven. It presents a suc-
cession of low hills with generally gentle slopes interspersed
with small well-marked streams, or swampy depressions
(several hundred meters) without a distinct watercourse.
Steep slopes can be observed but they remain much local-
ized on the edge of lowlands or rivers, and their difference
in level seldom exceeds 20-30 m. The altitude varies from
605 to 760 m, with some particularly marked summits, cul-
minating at less than 700 m of altitude (Anonymous 2015).

The DCF is localized in locality with an Equatorial
Guinean climate type characterized by (1) an annual
rainfall included between 1300 and 1800 mm with 02
rainy seasons interspersed by two dry seasons and dis-
tributed; (2) the annual average temperature is 25 °C with
an amplitude of 2.4 °C. It varies between 25 and 30 °C
from March to November. Whereas, from December to
February, the hottest months, the temperature can rich at
35 °C; (3) the seasonal cycle is mainly governed by the
annual movements of the intertropical front, between the
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Fig. 1 Map and localization of the Doume Communal Forest, showing the two blocks (FC DOUME block 1 and 2) of Doume Communal Forest
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convergence zones of the southern trade winds and the
northern trade winds. On the Nyong Basin these displace-
ments result in dry winds from December to February,
relatively wet winds from March to July, wet from August
to October and relatively dry in November.

Data collection and research methods

This study used remote sensing, GIS techniques and field
data to classify and map the current and historic LULC.
The overview of the research design, including all remote
sensing and GIS techniques used, is summarized by the
flow chart (Fig. 2).

Satellite images

We obtained free cloud cover Landsat 7 Enhance The-
matic Mapper Plus (ETM+) images for the years 2000
and 2009, and Landsat 8 Operational Land Imager and
Thermal Infrared Sensor (OLI/TIRS) 8 images for the
year 2018. The images scenes were designated by path
184/row 057 and acquired from https://earthexplorer.
usgs.gov, the United State Geological Survey (USGS)
Landsat archive. Furthermore, we obtained “Satellite
Pour I’Observation de la Terre” (SPOT) 7 images for
the study area from Airbus Defence and Space, which
were available through the project “Observation Spatiale
des Foréts d’Afrique Centrale et de 1’Ouest” (OSFACO,
http://www.osfaco.org). However, these SPOT images did
not cover the entire study area and were, therefore, only
used to obtain additional reference data to validate further
classification.

Field data collection and land use/land cover classification

To classify the landscape into different LULC classes, we
used the classification scheme developed by the Doume
Forest Council, derived from earlier field observations in
the landscape. These included the following LULC classes:
swampy Raphia forest (RphSF), swampy flooded forest
(SwFF), grasslands (GrID), dense forest with low tree den-
sity (DFTLD), dense forest with high tree density (DFHTD),
agroforestry systems land (AgrL).

We performed field surveys to categorize the landscape
into the abovementioned LULC classes, for two applications:
as training samples for landscape classification (see “Super-
vised classification”), and as reference data for accuracy
assessment (see “Post classification”). Field surveys were
conducted from June—August 2018 and four hundred ground
truthing data were collected using a Garmin 625 GPS for
all LULC type. The great challenge in tropical dense for-
ests is the accessibility of remote areas of the forest interior.
Therefore, the obtained SPOT 7 images over the study area
were used to collect fifty sampling points in the remote areas
where the field team could not access. To collect the refer-
ence data for 20002009 period, Google Earth Pro was used.
We additionally described the area using the management
plan of the Doume Communal Forest where extensive field
inventory was done to describe the LULC classes.

Image pre-processing

We took three steps for the pre-processing of the Landsat
images. First, we had to make sure that information from
all bands to be used (seven first bands; Table S1) had the
same spatial resolution, so that their information could be
combined. Furthermore, as all the images had previously
been related to the Universal Transverse Mercator (UTM)

Fig.2 Flow chart of the
research methodology
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coordinate system 33 N, and that their geometric accuracy
met our research requirement, there was, therefore, no need
for any further geometric correction. Second, as the Landsat
7 ETM+ and Landsat 8 OLI/TIRS, did not have the same
spatial resolution, there was a need to improve the Landsat
7 ETM+ with 30 m X 30 m so that it had the same spatial
resolution of Landsat 8 OLI/TIRS. For that, we used the
image enhancement Ehlers fusion resolution merge technic
(Ehlers 2004), which has the aptitude for creating multispec-
tral images of higher spatial resolution while preserving the
spectral characteristics of the lower resolution multispectral
images (Lu et al. 2011; Chitade and Katiyar 2012). To avoid
the change of digital numbers and keep the images at the
same pixel size of 30 m by 30 m, during image-to-image
registration, the nearest neighbour resampling algorithm
was used to resample (Li et al. 2011) the TM+ and OLI
images. Therefore, the spatial resolution of all products was
improved from 30 m X 30 m into 15 m X 15 m. Third, for
each year’s images, we combined the first seven bands into
a composite image using the layer-staking function of the
remote sensing software ERDAS v.14. The raster images
obtained were sub-set to the study area using a boundary
vector file.

Landscape classification

Supervised classification To classify Landsat pixels into
different LULC classes, we used the often-used maximum
likelihood supervised classification (MLC) (Lu et al. 2004;
Zhang et al. 2016). The MLC is the most common paramet-
ric classifier that assumes a normal or near normal spectral
distribution for each feature of interest and equal prior prob-
ability among the classes. The MLC is based on the prob-
ability that a pixel belongs to a particular class. It assumes
that these probabilities are the same for all classes, and that
the input bands have normal distributions (Li et al. 2011; Lu
et al. 2012b).

To specify the various pixel values or spectral signatures
that should be associated with each LULC, one hundred and
seventy GPS data were randomly selected and used as train-
ing samples, and hence the MLC used the spectral signatures
from these training areas to classify the whole image (Lu
et al. 2005, 2012b; Zhang et al. 2016). Depending on the
homogeneity of the LULC type, a polygon of 8—40 pixels
for each GPS was selected. Selection of training samples
was followed by an evaluation of the spectral separability of
the training samples to obtain more accurate values of the
training samples where necessary. According to literature,
the classification could be reasonably made only if the sepa-
rability of two training samples is sufficient (> 10) (Zhang
et al. 2016). Finally, the MLC and his function parallelepi-
ped decision rules were applied to the training samples to
analyze each pixel and aggregate the pixels into different

LULC types of training samples, and the landscapes were
preliminarily classified into different LULC types on a map.

Post classification To assess the accuracy of the LULC clas-
sifications from Landsat images, the level of error contrib-
uted by the LULC image, we used the producer’s accuracy,
user’s accuracy, overall accuracy and kappa coefficient sta-
tistics based on a pixel to pixel comparison for the years
2000, 2009 and 2018. The producer’s accuracy explains
how well a certain LULC type was classified, i.e. how often
real features on the ground were correctly shown on the
classified map, or the probability that a certain land cover
type on the ground was classified as such. The producer’s
accuracy was computed as the number of reference sites
classified accurately divided by the total number of refer-
ence sites for that class (Congalton 1991). In contrast, the
user’s accuracy essentially tells the user how often the class
on the map will be present on the ground, which refers to
the reliability. This was computed as the fraction of the total
number of pixels classified on the total number of correct
classifications for a particular LULC for a particular class,
and was used to examine the reliability of classified LULC.
The overall accuracy often used to assess the performance
of each LULC was computed as the fraction of the total
number of correctly identified pixels on the total number
of pixels (Congalton 1991). The kappa statistics is another
accuracy indicator, which measures how the classification
results compare to values assigned by chance.

Analysis to quantify land use and land cover change and tra-
jectories To quantify the LULC change processes and
trajectories in DCF during the two periods, we proceeded
with analyses consisting of two stages. First, we conducted
a quantification of the area per land cover type for 2000,
2009 and 2018 based on the attribute tables of the land cover
maps in ArcGIS 10.5.1. In this way, we could quantify what
LULC types increased and what LULC types decreased in
land area between 2000-2009 and 2009-2018 and during
the whole period 2000-2018. The following parameters
were computed for each LULC between 2000-2009, 2009—
2018, and the whole period (2000-2018): the absolute
change in total area (Ci), the proportional change in area,
relative to the initial area (C%), and the annual rate of rela-
tive area change (Ar).

This analysis provided the gain or loss for specific LULC
types, but did not allow us to quantify the LULC change
processes and trajectories or to identify what LULC types
had replaced the previous LULC. Therefore, in the second
stage, we conducted a change detection at per-pixel using
cross-tabulations of the LULC maps, to characterize and
analyze the LULC change processes and trajectories, which
we call the trajectory analyses. Furthermore, we used the
post classification approach to examine the detailed LULC
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change trajectories at the per-pixel scale for the three periods
following Lu et al. (2013). More specifically, these trajectory
analyses consisted of identifying the changes of one Land
cover into another land cover and the process implying it
(see Appendix S2 for more explanation on land cover change
processes and trajectories).

Results

Land use/land cover classification and accuracies
results

The main aim of this study was to determine the accuracy
with which Landsat ETM+ and Landsat OLI can be used to
classify the LULC for the three periods. The classification
accuracy assessment results for the three periods indicated
that the MLC method applied on Landsat images effectively
classified the study area into six classes (Fig. 3), providing
the fundamental data sources for examining LULC change
trajectories.

The computed error matrices for the classified images
revealed an overall accuracy of over 80% for the three

13°E 13°E 13°E

classification dates and an overall kappa statistics of over
74% in the classification of the three periods (Table 1). The
Classification of LULC using the Landsat 8 OLI for the year
2018 gave the highest classification accuracy (89.45%) and
kappa statistics (0.87) compared to the Landsat 7 ETM+
images used for the years 2000 and 2009.

Status and dynamic of land use and land cover
in Doume Communal Forest

The land cover map comparisons showed that in 2000, most
of the areas in the DCF were covered with forest (39,520 ha;
98%) and that about 256.94 ha representing 0.65% of this
forest area was lost between 2000 and 2009. This percent-
age represented deforestation of all LULC. Therefore, we
observed that during the two decades the forest land cover
was facing deforestation and degradation. Hence, dense for-
est with high tree density (~22,943 ha representing 59%
of the total forest) lost about 5% of its area between 2000
and 2009 (Fig. 3, Table 2). This loss continued to increase
between 2000 and 2009 (~ 1099 ha; ~5%) and 2009-2018
(~3864 ha; ~17%). This increased loss corresponded to an
annual loss of 0.51 and 1.69, respectively, for 2000-2009

13°E 13 E 13°E
Legend
I AgrL
I DFHTD

DFLTD SWFF 0
I RphSF GriD

Fig.3 Spatio-temporal land use and land cover type of 2000 (a),
2009 (b), and 2018 (c) in the study area (LULC types—AgrL,
DFHTD, DFLTD, RphSF, SWFF and GrlD represent agroforestry sys-
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Table1 Accuracy assessment LULC types AgriL DFHTD DFLTD RphSF SwFF GrD RT CT Producers  Users
results for the three periods in accuracy accuracy
the study area (%) (%)
Accuracy assessment for the 2000 classified image
AgrL 24 0 0 4 0 0 28 26 9231 85.71
DFHTD 0 15 3 0 2 0 20 17 88.24 75.00
DFLTD 0 1 70 10 7 0 88 90  77.78 79.55
RphSF 2 0 12 48 1 0 63 65 73.85 76.19
SwFF 0 1 4 3 45 0 53 55 81.82 84.91
GrlD 0 0 1 0 0 3 4 3 100.00 75.00
Overall classification accuracy = 80.08%; kappa statistics: 0.74
Accuracy assessment for the 2009 classified image
AgrL 9 7 0 0 0 2 18 86 95.35 50.00
DFHTD 1 46 3 1 2 2 55 22 77.27 83.64
DFLTD 1 3 17 0 0 0 21 62 88.71 80.95
RphSF 1 1 1 5 0 0 8 61 75.41 62.50
SwFF 4 3 0 2 82 3 9% 9 55.56 87.23
GrlD 0 1 1 1 2 55 60 16  56.25 91.67
Overall classification accuracy = 83.59%; kappa = 0.78
Accuracy assessment for the 2018 classified image
AgrL 3 0 0 0 0 0 3 6  50.00 100.00
DFHTD 0 41 1 0 1 0 43 51 98.15 94.64
DFLTD 1 2 53 0 2 1 59 54 80.39 89.13
RphSF 2 1 0 51 1 0 55 54 9444 92.73
SwFF 0 5 0 3 61 4 73 66 9242 83.56
GrlD 0 2 0 0 1 20 23 25 80.00 86.96

Overall classification accuracy = 89.45%; kappa statistics = 0.87

LULC types—AgrL, DFHTD, DFLTD, RphSF, SWFF and GrlID represent agroforestry systems land, dense
forest with high tree density, dense forest with low tree density, swampy Raphia forest, swampy flooded
forest and grassland, respectively. RT and CT represent row total and column total, respectively

Table2 Changeinlanduseand  yyj1cype 2000 2009 LULC change between 2000 and 2009

land cover from 2000 to 2009

in Doume Communal Forest in Area(ha) % Area(ha) % Area (ha) % Annual %

eastern Cameroon change rate

(ha)

AgrL 882.54 2.18 1139.48  2.82 256.94 29.11 28.55 3.23
DFHTD 23,943.03 59.26 22,843.50 56.54 —1099.54 —4.59 -122.17 -0.51
DFLTD 12,239.92 3030 13,308.69 3294 1068.76 8.73 118.75 0.97
RphSF 2010.26 4.98 193433 479 —75.93 -3.78 —8.44 —-0.42
SwFF 1170.93 2.90 900.95 2.23 —269.98 —23.06 —30.00 —2.56
GrlD 155.37 0.38 27555  0.68 120.18 77.35 13.35 8.59
Total 40,402.50 100 40,402.50 100 - - - -

LULC types—AgrL, DFHTD, DFLTD, RphSF, SWFF and GrlD represent agroforestry systems Land,
dense forest with high tree density, dense forest with low tree density, swampy Raphia forest, swampy
flooded forest and grassland, respectively

and 2009-2018 (Tables 2, 3). Not only the dense forest with
high trees density surfaces decreased, but also the swampy
Raphia and swampy flooded forests in terms of canopy
cover. Swampy Raphia forest declined from 2000-2009 by
~4% to ~11% in 2009-2018 while Swampy flooded forests

declined from 2000-2009 by 270 ha (~23%) to 295 (~25%)
(Fig. 3, Tables 2, 3). In contrast, at the same time, signifi-
cant improvements in other LULC (e.g. agricultural areas,
grassland areas and dense forest with low trees density
areas) were observed. Dense forest with low tree density
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Table 3 Change in land use and

LULC type 2009 2018 LULC change between 2009 and 2018
land cover from 2009 to 2018
in Doume Communal Forest in Area (ha) % Area(ha) % Area(ha) % Annual %
eastern Cameroon change rate
(ha)
AgrL 1139.48 2.82 2561.10 6.34 1421.62 12476  142.16 12.48
DFHTD 22,843.50  56.54 18,979.44 4698 —3864.06 —1692 —386.41 —1.69
DFLTD 13,308.69 3294  15,799.00 39.10 2490.31 18.71 249.03 1.87
RphSF 1934.33 4.79 1731.31 429 —203.02 -10.50 -20.30 —1.05
SwFF 900.95 223 875.88 2.17 =25.07 -2.78 -2.51 -0.28
GrlD 275.55 0.68 455.77 1.13  180.22 65.40 18.02 6.54
Total 40,402.50 100.00 40,402.50 100.00 - - - -

LULC types—AgrL, DFHTD, DFLTD, RphSF, SWFF and GrlD represent agroforestry systems land, dense
forest with high tree density, dense forest with low tree density, swampy Raphia forest, swampy flooded

forest and grassland, respectively

increased between 2000-2009 and 2009-2018 in terms of
land area from 1069 ha (9%) to 2490 ha (19%), respectively
(Fig. 3, Tables 2, 3). It was observed that the area of agro-
forestry systems had almost tripled from 882 ha in 2000 to
almost 2561 ha in 2018 (Table 4). This expansion of agro-
forestry systems was observed to be at an annual rate of
10% during the two decades. Grassland also increased from
120 ha (78%) up to 180 ha (65%) between 2000-2009 and
2009-2018. The changes occurred in the dense forest with
high tree density areas over time are a direct effect of the
changes in agroforestry systems land, dense forest with low
density and grassland in 19 years (Table 4).

Change trajectories of land use and land cover
in Doume Communal Forest

The main LULC change processes and trajectories in the
period 2000-2018, as identified after post-classification
(thick arrows in Fig. S1 show the dominant processes)
were large-scale degradation, deforestation and subse-
quently conversions of forest land. On a less common

basis, restoration occurred from dense vegetation with
low tree density to dense vegetation with high tree den-
sity. Furthermore, the abandonment and regeneration of
forest from agroforestry systems to the dense forest were
recorded.

In this study, the same trajectories were identified
during the first, the second and the entire period of the
study. The following trajectories were identified in order
of complexity:

e multiple-step trajectories of (1) forest degradation, (2)
deforestation and (3) conversion of dense forest to agro-
forestry systems land; (4) the passage of dense forest with
high tree density into swampy flooded forest under spe-
cific climatic conditions;

e multiple-step trajectories of (1) degradation, (2) restora-
tion of dense forest with low tree density to high tree
density, (3) conversion of dense forest to agroforestry
systems, and (4) abandonment and regeneration; (5)
the passage of dense forest with low tree density into
swampy flooded forest under specific climatic conditions;

Table 4 Change in land use

. LULC type 2000 2018 LULC Change between 2000 and 2018

and land cover in the last two

decades in Doume Communal Area(ha) % Area(ha) % Area (ha) % Annual %

Forest in eastern Cameroon change rate

(ha)

AgrL 882.54 2.18 2561.10 6.34 1678.56 190.20  88.35 10.01
DFHTD 23,943.03 59.26 18,979.44 4698 —4963.59 —20.73 —275.76 -1.09
DFLTD 12,239.92  30.30  15,799.00 39.10  3559.08 29.08 187..32 1.53
RphSF 2010.26  4.98 1731.31 429 —278.94 —13.88 —14.68 -0.73
SwFF 1170.93  2.90 875.88 2.17  —295.05 —-2520 —15.53 -1.33
GrlD 155.37 0.38 455.77 1.13  300.40 193.35 15.81 10.18
Total 40,402.50 100 40,402.50 100 - - - -

LULC types—AgrL, DFHTD, DFLTD, RphSF, SWFF and GrlID represent agroforestry systems land, dense
forest with high trees density, dense forest with low tree density, swampy Raphia forest, swampy flooded

forest and grassland, respectively
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e multiple-step trajectories of (1) conversion of forest to  Quantification and schematic presentation
agroforestry systems land and (2) abandonment and  of land use and land cover change processes
regeneration; and trajectories

e multiple-step trajectories of (1) degradation, and (2)
abandonment and regeneration; From the pixel-to-pixel cross tabulations

e two-step trajectories of (1) conversion of grassland to
agroforestry systems land, and (2) abandonment and
regeneration.
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(Table S4-Table S9), we were able to quantify and charac-
terize the specific land cover change processes and trajecto-
ries that had occurred in the DCF and which resulted in for-
est change (see Fig. 4a, b, Table 5). Between 2000 and 2018,
about 53.45% (~21,583 ha) of the LULC in the study area
had changed (Table 5). Figure 4a, b and Table 5 show that in
the periods 2000-2009 and 2009-2018, most of the loss of
dense forest with high tree density to a dense forest with low
tree density and swampy Raphia was caused by degradation,
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b
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Fig.4 Quantification and schematic presentation of the LULC change
processes and trajectories in the Doume communal Forest based on
the pixel-to-pixel cross-tabulations of the land cover maps. Each
arrow shows the change from one land use and land cover type to
another that occurred from 2000-2009 (a), from 2009-2018 (b) and
2000-2018 (c). The thickness and the color of each arrow indicate the
area of change for each of the trajectories and the processes within
the given period, respectively. The trajectories are either dominant

D) ha

Agroforestry system land

(thick of arrows) or less dominant (thin arrows): (A: green) degrada-
tion to dense forest with low tree density or swampy Raphia forest;
(B: pink) restoration of degraded dense forest with low tree density
into dense forest with high tree density; (C: orange) abandonment and
regeneration; (D: red) conversion of forest and grassland into agro-
forestry systems; (E: yellow) deforestation to grassland; (F: blue) the
passage of dense forests into swampy flooded forest which occurred
under specific climatic conditions
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Table 5 Quantified land use and land cover change processes based on remote sensing data that occurred in the periods 2000-2009, 2000-2009

and 2000-2018
Land cover process Area (ha) Area (%) Annual change rate
%
2000-2009  2009-2018  2000-2018  2000-2009  2009-2018  2000-2018 %)
Deforestation 1377 1191 1481 6.76 6.84 6.86 0.68 0.76 0.38
Degradation 7904 7757 9240 38.81 44.54 42.81 3.88 495 238
Conversion 734 1916 2164 3.60 11.00 10.02 036 120 0.55
Restoration 7372 4283 5645 36.20 24.59 26.15 3.62 273 145
Abandonment, and regeneration 2491 1976 2820 12.23 11.35 13.07 122 126 072
Species colonisation and climatic 488 293 233 2.40 1.68 1.08 0.24 0.19 0.06
conditions
Total land change 20,366 17,416 21,583
No change land 20,016 22,966 18,799
TOTAL 40,382 40,382 40,382 100.00 100.00 100.00

direct conversions to agroforestry systems and the dense for-
est by deforestation to grassland. In more details, over the
19 years analyzed, degradation entailed 9240 ha or 43% of
the total land cover change, conversions from forest to agro-
forestry systems entailed 2164 ha or 10%, and deforestation
of dense forest to grassland entailed 1481 ha or 7% of the
total land cover change (Table 5). Table S4-Table S9, show
the hectares and percentage of the area. For example, from
2000 to 2009, almost 8601 ha of dense forest with high tree
density was degraded to a dense forest with low tree density,
while about 1128 ha was converted into agroforestry systems
and 153 ha was deforested to grassland. Furthermore, in
the period 2009-2018, an additional 7646 ha of dense for-
est with high tree density was degraded to low tree density
and swampy Raphia forest, and 1191 ha were deforested
to grassland. In contrast, in that same period (2009-2018),
2164 ha of forest and grassland was converted and afforested
respectively into agroforestry systems.

Between 2000 and 2018, about 99% of the total area of
land cover change had changed through multiple-step trajec-
tories (see the arrows in Fig. 4c), meaning that land cover
had changed from one type to several other land cover types
within the total study period. Only ~ 1% of the total area of
land cover change had changed through two-step trajecto-
ries between 2000 and 2018, indicating that land cover had
changed from one type to a second type and further to a
third type. The first type of multiple-step trajectories that
had occurred in the landscape (in terms of land area, namely
~ 11,743 ha in total) involved forest degradation (from more
dense forest with high tree density to more dense forest with
low tree density types and swampy Raphia forest), deforesta-
tion (from dense forest with high tree density to grassland)
and conversion (from dense forest with high tree density
to agroforestry systems). The second type of multiple-step
trajectories involved changes from the dense forest with low
tree density (6983 ha in total) to a dense forest with high

@ Springer

tree density (i.e., restoration), to swampy Raphia forest (i.e.
degradation) or grassland (i.e., deforestation), and further
to agroforestry systems (i.e., conversions). The third type of
multiple-steps, trajectories involved changes from swampy
Raphia forest (2008 ha in total) to agroforestry systems (i.e.
conversions), and to dense forest (i.e. abandonment and
regeneration); the fourth type of multiple steps trajecto-
ries involved degradation of agroforestry systems (882 ha
in total) into grassland, and abandonment and regeneration
(dense forest, and swampy flood forest); and the last multiple
steps trajectories involved conversion of grassland (161 ha)
into agroforestry systems land, and abandonment and regen-
eration (dense forest).

The increase in the number of arrows in Fig. 3b com-
pared to Fig. 3a clearly shows that the area and the different
types of land cover increased but kept the same set of tra-
jectories in the period 2009-2018, compared to 2000—2009.
Deforestation to grassland decreased between 2000 and 2018
and entailed a total land area of ~ 1377 ha in 2000-2009
and ~ 1191 ha in 2009-2018, which is about 6.76% and
6.84% of the total land cover change area in these periods,
respectively.

Moreover, degradation decreased from ~7904 ha or
38.81% of the total land cover in the period 2000-2009 to
~7757 ha or 44.54% in 2009-2018. Conversion from forest
to agroforestry systems increased from ~734 ha or 3.60% in
2000-2009 to ~1916 ha or 11% between these two periods.
Other types of land cover change processes can be found in
Table 5.

Discussion

We first evaluated how accurately the Landsat images classi-
fied the study area into different thematic areas. For the three
periods, both images effectively classify the study area into
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six thematic maps. We then assess the dynamic change and
change trajectories of LULC during two decades.

Landscape classification

The LULC types in the study area were interpreted on
imagery by MLC supervised classification. With the overall
accuracies and kappa statistics of the three periods LULC
classification scheme all above 80% and 0.74, respectively,
substantiating the ability of Landsat products to accurately
classify tropical dense rainforest of Cameroon. However, 80
and 83% accuracy of the 2000 and 2009 land cover maps,
respectively, are acceptable but point towards a sub-optimal
LULC classification, which may lead to a wrong interpreta-
tion of the timing of changes or even wrong trajectories.
Moreover, the lack of a clear boundary between LULC in our
forest was due to the complex vegetation structure and spe-
cies composition causing a major problem of relatively low
accuracy for the two first-year periods: justifying thereby the
misclassification between LULC (e.g. agroforestry systems
land use types such as cocoa-based agroforestry systems,
banana plantations and dense forest with high tree density,
dense forest with low tree density, swampy Raphia forest,
swamp floods forest and wooded savanna LULC types).
These findings are in line with the findings of Lu et al.
(2013) in Amazonia forests and of Zhang et al. (2016) in
the forest of China. However, the high accuracy (89.45%) of
LULC classification obtained for the 2018 year, using Land-
sat 8 OLI allow us to conclude that high-resolution satellite
imagery is consequential to high ability LULC classification
scheme, therefore, highlighting the unavoidable availability
of high-resolution satellite images for efficiently monitoring,
sustainable management of Congo Basin forests.

Dynamic and change trajectories of land use
and land cover in Doume Communal Forest

Information on detailed LULC change trajectories is often
required for spatio-temporal dynamics research and is often
calculated using the post-classification method at the per-
pixel level as reported by several authors worldwide (Lam-
bin 2000; Kennedy et al. 2009; Hansen and Loveland 2012;
Lu et al. 2014). First of all, the post-classification method at
the overall scale, allows us to analyze the status and overall
forest cover changes whereby the loss and gain of LULC in
the DCF was realized. This study showed that the DCF is
experiencing an essentially regressive evolution which was
much more significant in dense forest with high tree density
LULC. Indeed, from 2000 to 2009 this LULC loss approxi-
mately 5% of its areas in benefits principally to agrofor-
estry systems and dense forest with low tree density LULC
types which gained 29 and 9% of their areas during the same
periods, respectively. Several authors across Cameroon and

Africa have reported a similar trend (Momo Solefack et al.
2012; De Wasseige et al. 2014; Meli Fokeng and Meli Meli
2015; Momo Solefack et al. 2018; Temgoua et al. 2018; Toh
et al. 2018).

The overall-scale change detection results cannot provide
the change trajectories, but the per-pixel based change detec-
tion analysis overcomes this shortcoming. Therefore, in this
study, we have integrated pixel-to-pixel cross-tabulations of
LULC change and our knowledge to generate a more com-
prehensive analysis of the main LULC change processes
and trajectories in the DCF. Our findings show that most
of the land cover changes between 2000 and 2018 involved
degradation (~43% of total land cover change), restoration
from dense forest with low trees density to those of high
trees density (26%), conversion from forest to agroforestry
systems (10%) and deforestation to Swampy Raphia forest
and grassland (~7%). This high presence of forest degrada-
tion and conversion from forest to agroforestry systems may
partly be related to the extensive and recurring population
in the communal forest who practice agroforestry for their
subsistence. Furthermore, the combined analyses showed
that from 2000-2009 to 2009-2018 periods, a decreasing
shift occurred in the main processes of forest degradation,
deforestation but an increasing shift occurred from forest
to agroforestry systems. This study points out that agrofor-
estry systems but not land use types of agroforestry sys-
tems are the main drivers of deforestation and conversion
in the DCF. These findings are in line with the findings of
Lu et al. (2013) in the Brazilian Amazon forest. This shift
does not coincide totally with the process of forest classi-
fication into a communal forest: before 2000, the DCF was
facing anthropogenic pressures and illegal logging, while
after 2009, access to DFC was strictly prohibited to riparian
population and that its management was subject to a well-
planned management. Therefore, we expected that we could
have had regression of deforestation and conversion from
forest to agroforestry systems during the second period of
the study. This finding highlights the anthropogenic influ-
ence on forests even though access was strictly prohibited,
thus dismissing the question on the distribution of the ben-
efits resulting from the management of the forest. The DFC
is not the only communal forest in Cameroon facing this
phenomenon because it has also been reported in Santchou
Reserve by Meli Fokeng and Meli Meli (2015), in Koupa-
Matapit Gallery Forest by Momo Solefack et al. (2018), and
in Mount Bamboutos Caldera by Toh et al. (2018).

Implications for sustainable management
and conservation of forest

Our study shows that analyses of landscape trajectories can

provide a more comprehensive overview on which land
cover types are involved in other land cover change and
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forest regressions and how this land cover interacts with
one another. This is particularly important for spatial plan-
ning in tropical forests where agriculture develops rapidly
(Lambin 1997, 2000; Lu et al. 2013). Conversions into agro-
forestry systems can be identified and monitored by such
trajectory analyses, and subsequently, zoning conservation
and management policies can be developed to guide these
changes into more sustainable directions. This is particularly
important since such changes can change the socio-cultural
environment of the ecosystem, impact on the production of
ecosystem services and, therefore, result in a loss of bio-
diversity and carbon pools. Therefore, it is essential and
recommended that communities should be involved in the
spatial planning and management process as they may play
an important role in LULC change and may be affected by
it. To reduce the pressures of the riparian population into
the DFC, the managers could put in place some incentivized
methods, for example by REDD+ or through subsidies for
local food production.

Conclusions

Through the analysis of LULC change based on three dates
of Landsat imagery in the Doume Communal Forest, this
research highlights the necessity to investigate LULC change
at multiple scales for a better understanding of the mecha-
nisms of LULC change and the effective use of the LULC
results in multidisciplinary research. Therefore, this study
enables us to identify the spatial patterns and LULC change
trajectories. It also suggests the mechanisms related to
LULC in DFC. It highlights the necessity for the availability
of high-resolution satellite images for efficiently monitory
and sustainable management of Congo Basin forests. This
study showed a LULC change of about one-half of the study
area in the period 2000-2009. Based on our quantitative
and spatial analyses, forest degradation, restoration, con-
version of forest and grassland to agroforestry systems and
deforestation to swampy Raphia forest and grassland were
found to be the dominant LULC change processes causing
reduction of forest cover and quality. In addition, the post-
classification based on per pixel scale showed that the differ-
ent types of LULC changes in the study area increased and
involved a more diverse set of characteristic trajectories in
the period 2009-2018, compared to the period 2000-2009.
During 2000 and 2018, about 99% of the total area of LULC
changed through multiple-step trajectories and 1% by one-
step trajectories, and most trajectories involved deforesta-
tion, degradation, conversion of forest and grassland to
agroforestry systems land, and abandonment, regrowth
and recolonization of the environment. Deforestation to
grassland decreased between 2000 and 2018 and entailed a
total land area of ~ 1377 ha in 2000-2009 and ~ 1191 ha in
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2009-2018 which is about 6.76 and 6.84%, respectively, of
the total land cover change area in these periods. However,
degradation increased from 38.8% of the total LULC change
in the period 2000-2009 to 44.54% in 2009-2018. Conver-
sion from the forest and grassland to agroforestry systems
increased from 3.60% in 2000-2009 to 11% in 2009-2018.
The trajectory analyses showed that LULC change occurred
mostly in multiple-step trajectories of degradation, defor-
estation and conversion; multiple step trajectories from the
dense forest with high tree density to a dense forest with low
tree density, grassland, swampy Raphia forest and further to
agroforestry systems. Therefore, the trajectory analysis of
this study showed important interlinkages between LULC.
It is a necessity to further understand and account for such
interlinkages and processes of change to guide management
in more sustainable ways.
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