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Abstract: Assessing land use and land cover (LULC) change is essential for the sustainable
management of natural resources, biodiversity conservation, monitoring food security, and research
related to climate change and ecology. With increasingly rapid changes in LULC in response to human
population growth, a better assessment of land use changes is more necessary than ever. Although a
multitude of LULC assessment methods exists, none alone provides a clear understanding of changes
and their underlying factors. This study analysed historical LULC changes over a temporal extent
of 42 years (1974–2016) in the Togodo Protected Area and its surroundings, in Togo, by associating
intensity and trajectory analyses, that are complementary but rarely associated in the literature.
Our results show that LULC change in our study site is linked to the combined effects of human
activities, climate, and invasive plants, particularly Chromolaena odorata. While each type of analysis
provides useful insights, neither intensity nor trajectory analysis alone provides a full picture of
changes and their causes. This study highlights the usefulness of associating intensity and trajectory
analyses when implementing any management policy.

Keywords: land use change; intensity analysis; trajectory analysis; landscape dynamics; West Africa

1. Introduction

Human-induced landscape changes over the past 100 years were faster and deeper than ever
before in human history [1,2]. Land use and land cover (LULC) change has contributed significantly to
the improvement of human well-being and economic development. However, these gains are also
accompanied by biodiversity loss and ecosystem degradation. Indeed, LULC change is a consequence
of human-induced environmental change, but also one of the main drivers of both biodiversity loss
and ecosystems changes worldwide [3,4]. The assessment of LULC changes and trajectories at the
global, national, and local levels is, therefore, useful for sustainable development policies, monitoring
food security, and climate change and environmental-related research [5].

The integration of remote sensing in combination with geographic information systems (GIS)
has considerably advanced the assessment of land use change and landscape degradation at various
scales [6–8]. The availability of an increasing range of remotely sensed imagery, such as Landsat
archives, has enabled the development of databases and the assessment of landscape dynamics and
trajectories [9,10]. Moreover, several methods have been developed by landscape researchers to analyse
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various landscape issues [11]. Two specific and popular methods have been shown to be invaluable for
land use change assessment. The first of these is intensity analysis [12]. The second is the analysis of
land cover change trajectories, aiding in better understanding the possible causes of LULC change and
its effects [13].

Although intensity analysis and trajectory analysis complement each other well and are not
redundant, to our knowledge they have rarely been associated in studies. However, the complementarity
of these two analyses should lead to a better understanding of LULC changes. While intensity analysis,
a quantitative approach that assesses measurements of change at three increasing levels, allows for a
better understanding of the size and intensity of changes [12], trajectory analysis, which is based on the
time series of each pixel, allows one to trace the history of land use change for every location in the
study area.

Understanding the historical changes (trajectories) of LULC enlightens the environmental and
social impacts of landscape change [14] and the historical processes that drive changes [15]. An analysis
of LULC trajectories enables one to identify the direction and spatial distribution of changes for different
LULC types to assess how landscapes change over time [10]. Such information is crucial for regions
with rapid and growing landscape dynamics, such as West Africa. The periodic assessment of LULC
changes in these regions is therefore essential to underpin policies such as biodiversity conservation,
climate change, and sustainable development [16,17].

In Togo, natural vegetation has undergone significant change as a result of human activities such
as agricultural expansion, illegal tree logging, and incursions in protected areas [13,17]. Similarly,
the Togodo Protected Area (TPA) and its surroundings are experiencing near-daily human threats,
including poaching, clearing for agricultural purposes, logging, and charring for domestic needs and
sale. The subsequent changes over the past few decades led to the spread of many invasive plants that
threaten the biodiversity of the TPA and add to the workload of local farmers [18]. Human pressure in
and around the TPA forced the forest administration, in order to preserve the biodiversity conservation
status, to proceed to the requalification of the TPA in February 2005. During this requalification,
a consensual delimitation was carried out, and part of the protected area was returned to the population,
who agreed to abandon the cultivated lands within the new boundaries of the TPA. These land use
changes make TPA a suitable site for the assessment of land use change analysis methods. To ensure
that the TPA continues to play its role in conserving biodiversity, it is necessary to better manage not
only the surrounding lands but also plant invasions.

However, the processes involved in historical land change in and around the TPA have hitherto
received limited attention. Given the historical legacy of past land uses on invasion success [19],
and the relationship between LULC change and land degradation, climate change, and the decline in
biodiversity and related ecosystem services [3,20], it is crucial to investigate the processes involved
in LULC change trajectories in the TPA. Understanding land use changes in the area will enable us
to identify the landscape drivers that most influence the spread of invasive plants and their spatial
distribution in a context of sometimes rapid land use changes.

The main objective of this study is to demonstrate how the association of intensity and trajectory
analyses allows for a better understanding of LULC changes in and around the TPA. Thus, apart from
its methodological aspect, our analysis aims to provide information on land use changes and their
drivers in the area for better land and invasive plants management.

This study aims to analyse historical LULC changes and land transitions over a temporal extent
of 42 years (1974–2016) in the TPA and its surroundings. Specifically, this study proposes to:

1. Identify and map the major LULC categories at the time points 1974, 1986, 2003, and 2016;
2. Determine the types and processes of LULC dynamics as well as their rate of occurrence; and
3. Analyse land change trajectories.
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This information will highlight the importance of combining intensity and trajectory analysis.
Furthermore, it is useful for a better understanding of the effects of LULC dynamics on ecological
phenomena and for sustainable natural resource management.

2. Materials and Methods

2.1. Study Area

The study was carried out in the Togodo Protected Area (TPA) and its surroundings (Figure 1)
in southeastern Togo (West Africa). Agriculture is the main activity in the area. The climate is of the
equatorial transition type, with rainfall of 1000 to 1300 mm per year and average monthly temperatures
ranging from 25 ◦C to 29 ◦C. The study site is dominated by Guinean wet savannahs with some patches
of semi-deciduous dry and dense forests [21].
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2.2. Satellite Imagery

Depending on the available cloud-free data, we chose multitemporal Landsat images and a single
Sentinel 2 image for LULC maps of 1974, 1986, 2013, and 2016 for the TPA and its surroundings.
Landsat images were acquired from the U.S. Geological Survey and the Sentinel 2 image from the ESA
Copernicus website. We chose the Sentinel 2 image for the last time point because of its availability and
high spatial resolution (10 m). Studies showed the high potential of Sentinel 2 images for improving the
monitoring of tropical forests and savannahs [22,23]. For the selected years, we favoured acquisitions
from the late rainy season and early dry season to obtain the maximum contrast between the different
elements of the landscape [24]. All the images are projected in the UTM-WGS 1984 ZONE 31 N
projection system. We resampled the Landsat 1 images from 60 m to 30 m resolution.

For a better multitemporal analysis, we performed radiometric and atmospheric (TOA to surface
reflectance) corrections for all of the Landsat images [25] and the Sentinel 2 image [26]. Several invariant
points (crossroads, reference buildings, etc.) distributed throughout the study area were used for the
geometric correction of the Sentinel 2 image. Finally, we recalibrated all the archival Landsat images
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compared to the Sentinel 2 image and computed the Normalized Difference Vegetation Index (NDVI)
as an independent layer. This index is widely used and allows one to minimize confusion between
different types of land use that are similar to each other, such as dry forests and wooded savannahs,
in savannah-dominated landscapes [17].

2.3. Land Use and Land Cover Classification

The classification was performed in ENVI software based on five LULC types, for Landsat images
(Table 1), and in eCognition based on seven classes, for the Sentinel 2 image.

Table 1. Definition of the land use and land cover types used for the classification.

Land Use and
Land Cover Type Definition

1 Forest
Close canopy woody vegetation and riparian

forests (>75 trees per ha, a minimum height of 5 m
at maturity)

2 Savannah Treeless open canopy vegetation (<75 trees per ha)
with a mixture of shrub and scattered grasslands

3 Cropland Agricultural land with crops (cereal, vegetable,
and fruits) and fallows less than 3 years

4 Built area Areas occupied by settlements (cities, villages,
roads, and other building)

5 Water Rivers, ponds, and reservoirs

2.3.1. Classification of Landsat Images

For the classification of LULC, we used the supervised Support Vector Machines (SVM) classifier
approach [27]. Among the various supervised classifiers, the SVM algorithms are among the most
powerful, flexible, and accurate [27–29]. Accurate training and validation datasets for each class were
obtained by digitizing training class polygons based on the interpretation of pre-existing vegetation
maps [30,31] containing information on past LULC, and by using our expert field knowledge. We applied
to all Landsat output maps a majority filter of 5 × 5 pixels to remove the “salt and pepper” noise
usually observed in satellite data [17].

2.3.2. Classification of the Sentinel 2 Image

According to the high resolution of the Sentinel 2 image and the heterogeneity of our site,
an Object-Based Image Analysis (OBIA) [32] in eCognition Developer 9.0 software was used for the
classification. OBIA does not treat the pixel in isolation, but in its spatial and spectral environment,
by grouping pixels within interpreted objects based on their spectral values, size, shape, and context [33].
For the first step of classification, we opted for multi-resolution segmentation [34]. In the second step,
we chose the heuristic approach of the expert system [35] for the classification. Thus, we formulated
some user-defined knowledge rules for each type of object to be classified into land cover classes [36].
In addition to the classes used for Landsat images, we defined fallow and plantation classes (oil palm
and teak plantation). We validated our classification with ground-truth datasets collected during field
surveys (November to December 2016).

2.4. Accuracy Assessment

We computed the quantity disagreement, allocation disagreement, and overall accuracy for each
LULC map following [37]. To this end, we entered the confusion matrix into a spreadsheet available
free of charge at www.clarku.edu/~{}rpontius. To summarize a cross-tabulation matrix, the measures

www.clarku.edu/~{}rpontius
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of quantity disagreement and allocation disagreement are much more useful than the various Kappa
indices [37,38].

2.5. Land Use and Land Cover Change Assessment

We assessed the LULC changes through land use intensity and trajectory analyses. To that end,
after exporting the output images to ArcGIS software, we adopted post-classification comparisons
for change detection analyses of the individual LULC maps [17,39]. We computed class statistics and
transitions analyses from the output LULC maps for each LULC type and transition category for the
time intervals 1974–1986, 1986–2003, and 2003–2016. To assess LULC changes, we used the resulting
contingency tables for the land use intensity analysis.

2.5.1. Intensity Analysis

Intensity analysis [12,40] is a quantitative approach that assesses measurements of change at three
increasing levels (interval level, category level, and transition level).

The first level determines how the annual change percentage (Equation (1)) varies compared to a
uniform annual change (Equation (2)).

St =
(size of change during [Yt, Yt+1])100%

(size of spatial extent)(duration of [Yt, Yt+1])
(1)

U =
(size of change during all intervals)100%

(size of spatial extent)(duration of all intervals)
(2)

The second level compares, for each category, a uniform intensity St to the intensity of loss Lti
(Equation (3)) and the intensity of gain Gtj (Equation (4)) during each time interval [Yt, Yt+1].

Lti =
(size of loss of i during [Yt, Yt+1])100%

(size of i at time Yt)(duration of [Yt, Yt+1])
(3)

Gt j =
(size of gain of j during [Yt, Yt+1])100%

(size of j at time Yt+1)(duration of [Yt, Yt+1])
(4)

Finally, the last level compares, during an analysed time interval, the transition intensity Rtij
(Equation (5)) from category i to category j to a uniform transition intensity Wtj (Equation (6)), given the
gain of category j [12].

Rti j =
(size of transition from i to j during [Yt, Yt+1])100%

(size of i at time Yt)(duration of [Yt, Yt+1])
(5)

Wt j =
(size of gain of j during [Yt, Yt+1])100%

(size of not j at time Yt)(duration of [Yt, Yt+1])
(6)

2.5.2. Trajectory Analysis

A LULC change trajectory is the succession of LULC types for a given sample unit over more than
two time points [10,39]. For a given sampling unit, the number of trajectories (N) is N = nx, where n is
the number of land cover classes and x the number of time points observed. In our study, we used
four time points (1974, 1986, 2003, and 2016) and five classes for each time point, except for the first
time point (1974), for which the water class was not detected (Figure 2). Our analysis should have
led to a number of trajectories N = 4 × 53 = 500. However, not all possible trajectories were detected.
Moreover, we limited our analysis to the impacts of extensive agriculture on forests and savannahs.
Indeed, agricultural expansion is one of the main driving forces of landscape change in the study
area [41]. To simplify the analysis, we coded the LULC types from 1 to 5: 1—Forest, 2—Savannah,
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3—Cropland, 4—Built or bare area, and 5—Water [42]. We then computed the change trajectories using
the ArcGIS 10.3 raster calculator.
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Since the purpose of our analysis was to understand the impacts of agriculture on natural
vegetation, we combined trajectories considering forest and savannah as one natural vegetation
class [13]. Likewise, all trajectories involving built areas and/or water were grouped under a single
trajectory: “other”.

2.6. Climatic Trends

To evaluate the possible significant effects of climate on the observed land use changes, we assessed
the yearly amount of rainfall received by Tabligbo station from 1970 to 2018, provided by [43]. We used
a graphical analysis and smoothed it with the moving average methodology to reduce the inter-annual
variability. To define a wet or a dry year, we used the quantiles, the standard deviations, and the
percentage of annual rainfall from the median or the mean [44]. In the context of a Guinean climate,
we defined a dry year and a wet year based on the normalized precipitation index [45].

Statistical Analysis

To determine if Tabligbo station had been affected by a dry or wet climate trend over the period
1970–2018, we used the z-score transformation test [46]. This test allows one to compare the average
values of two selected periods to the z-score transformation table with a 0.05 probability of error
(Equation (7)).

Z =
∣∣∣µ1 − µ2

∣∣∣/ √[(
σ2

1/n1
)
+

(
σ2

2/n2
)]

(7)
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where

Z: z-score transformation test;
µ1 and µ2: rainfall averages of the two periods;
σ2

1 and σ2
2: variances of the two samples;

n1 and n2: number of years observed.

3. Results

3.1. Land Use and Land Cover Maps and Contingency Table

Over the last 42 years, the TPA and surrounding areas have undergone notable LULC change
(Figures 3 and 4). Natural vegetation (Savannah and Forest) dominated the landscape at the early
time intervals and decreased from 67% in 1974 to 64%, 42%, and 22%, respectively, in 1986, 2003,
and 2016 (Appendix A). Savannah and Cropland were the most dominant LULC categories. Savannah
decreased from 71,554.06 ha (60%) in 1974 to 19,696.13 ha (17%) in 2016, while Cropland increased
from 39,371.74 ha (33%) in 1974 to 91,498.8 ha (77%) in 2016. The smallest categories were Water and
Built area. For each time point, their area was less than 1%.Sustainability 2020, 12, x FOR PEER REVIEW 8 of 23 
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3.2. Time Interval Level Intensity Analysis

Since large intensities frequently derive from small categories [12], and as our purpose is to
understand the impacts of agriculture on natural vegetation, we do not present and analyse the results
of land use intensity analysis for Water and Built area.

The results of time interval level intensity analysis (Figure 5) show that the annual change
percentage (bars on the right of the central axis) was greater during the third time interval than during
the second time interval, and during the second time interval than during the first. Land change
was fast during the third time interval (1.98%) and slow during the first (1.53%) and second (1.69%)
time intervals.
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3.3. Category Level Intensity Analysis

Figure 6 presents the results from the category level intensity analysis. The annual change (bars on
the left) shows that Cropland experienced more gain than loss during all time intervals, while Savannah
experienced more loss than gain. Forest gained more during the first time interval (1974–1986) and the
third time interval (2003–2016), whereas in the second time interval (1986–2003) Forest experienced a
net loss.Sustainability 2020, 12, x FOR PEER REVIEW 11 of 23 
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Cropland had active gains and Savannah has active losses during all time intervals except the first
time interval, during which Savannah had a dormant loss due to Savannah’s large size (60% of area
extent). Forest had active losses and gains, except during the second time interval, in which Forest
gain was dormant.

The dashed line indicates uniform intensity, i.e., the intensity if the changes have been equally
distributed over the spatial extent during the time interval.

3.4. Transition Level Intensity Analysis

The most important transition in terms of size was from Savannah to Cropland, followed by the
transition from Forest to Cropland (Table 2). Regarding transition intensities, Forest’s gain targeted
Savannah, in particular, and avoided Cropland during all time intervals. Conversely, Savannah’s gain
derived mainly from Forest. Cropland’s gain targeted Forest and avoided Savannah during the first
time interval, although the size received from Savannah was higher than that received from Forest.
During the second and the third time interval, Cropland’s gain targeted Savannah and avoided Forest.

Table 2. Transition level intensity analysis.

From
Category

Time
Interval Forest Savannah Cropland Sum Loss

Forest
1974–1986 3.8 1.2 1.4 Ta 2.0 2.4 Ta 7.0 3.3
1986–2003 4.0 2.3 1.6 Ta 2.0 1.4 Av 8.4 4.4
2003–2016 3.1 0.7 1.1 Ta 1.3 2.0 Av 5.2 2.1

Savannah
1974–1986 3.3 0.5 Ta 50.7 5.9 0.8 Av 60.0 9.2
1986–2003 0.9 0.1 Ta 33.4 21.4 2.3 Ta 56.0 22.5
2003–2016 2.4 0.5 Ta 15.0 19.5 4.1 Ta 37.0 22.0

Cropland
1974–1986 1.3 0.3 Av 4.0 1.0 Av 27.2 33.0 5.8
1986–2003 0.3 0.1 Av 1.2 0.2 Av 33.5 35.1 1.7
2003–2016 0.3 0.0 Av 0.7 0.1 Av 55.6 57.0 1.4

Sum
1974–1986 8.4 56.0 35.1 100.0 18.3
1986–2003 5.2 37.0 57.0 100.0 28.8
2003–2016 5.9 16.5 76.7 100.0 25.8

Gain
1974–1986 4.6 5.2 8.0 18.3
1986–2003 1.2 3.6 23.6 28.8
2003–2016 2.7 1.5 21.1 25.8

Wtj

1974–1986 0.4 1.1 1.0
1986–2003 0.1 0.5 2.1
2003–2016 0.2 0.2 3.8

For each transition (from row categories to column categories), the first column indicates the
proportions of inter-categorical transitions (persistence and transitions). The second column (numbers
in bold) indicates the transition intensities. The third column gives the meaning (Ta: Target and Av:
Avoid) of the transition intensity in comparison with the uniform intensity Wtj. The size of each
category in the initial time point of each time interval is presented in the Sum column, on the right.
The Sum row at the bottom indicates the size of each category in the last time point of each time
interval. The Loss column is the Sum at the initial time point minus the persistence. The Gain row is
the Sum at the final time point minus the persistence. The Wtj row at the bottom presents the uniform
intensity (gain intensity of column category j if the gain were to have been uniformly transitioned from
the space different from j).

3.5. Trajectory Analysis

Appendix B summarizes the definition and the area proportion of land change trajectories
illustrated in Figure 7. Appendix B shows that approximately 25% of the study area was permanently
cultivated (Permanent cropland), while 20% was permanently without agricultural activities (Permanent
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vegetation) over the temporal extent of 42 years (1974 to 2016). Between 2003 and 2016, 21% of the area
was converted to cropland (Recent cropland) from forest and savannah. Similarly, around 23% (Young
cropland) and 7% (Old cropland) were converted to cropland, respectively, during 1986–2003 and
1974–1986. For each time interval, the abandoned cropland area was less than 2% and decreased from
1.52% (Old reforestation) to 0.01% (Recent reforestation). Vegetation areas cultivated then abandoned
and cropland abandoned then recultivated (Cropland-fallow cycle) represent less than 1% of the
study area.
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3.6. Long-Term Annual Rainfall Data Analyses

Based on the rainfall data, the average annual rainfall calculated during the growing season
on a series of 49 years (1969–2018) is about 1061 mm (standard deviation: ±142 mm), with low
inter-annual variability and a rainfall coefficient of variation of about 13%. Figure 8 shows the common
discontinuities in the 1970–2018 time series, with alternating dry and wet periods with variable
durations. The moving averages curve shows that there is a difference between the two periods:
1970–2000 and 2000–2018. The yearly rainfall trend after 2000 indicates that the annual rainfall was
above the average for 18 years (2000–2018). Although this period displays a net increasing rainfall,
the series of 49-years observed (1969–2018) are insufficient in terms of rainfall data to affirm a wet trend.
However, our graph indicates that a drier trend does not seem to be affecting the Tabligbo region.



Sustainability 2020, 12, 5439 12 of 20
Sustainability 2020, 12, x FOR PEER REVIEW 14 of 23 

 

Figure 8. Annual rainfall totals for Tabligbo meteorological station. 

Table 3 shows that dry sequences vary between 1 and 3 years, with an average value of 1.5 years. 

During the period studied, we noticed that three successive years was the longest sequence for dry 

years, while the longest sequence for normal years consisted of five successive years. The wet years 

and those called “normal” account for 73% of the years observed, compared with 27% for dry years 

(Table 3). 

Table 3. Frequency of dry, normal, and wet sequences in the Tabligbo meteorological station (1970–

2018). 

Nb of Years  

Per Sequence 
Frequency Nb of Years Observed   

Average Number of  

Years Per Sequence 
 dry sequences   %   

1 6 6 

27% 1.5 2 2 4 

3 1 3 

  normal sequences       

1 5 5 

59% 2.23 

2 3 6 

3 3 9 

4 1 4 

5 1 5 

  wet sequences       

1 5 5 
13% 1.1 

2 1 2 

Table 4 presents the z-score transformation results. The average rainfall recorded by the station 

increased by 10% between the two periods. However, the z-score transformation value was higher 

than 1.96 (5% risk threshold), indicating that the difference between the two average rainfall values 

for the two periods considered is significant. According to this result, Tabligbo station shows a 

convincing general wet trend cycle between 2000 and 2018. 

  

Figure 8. Annual rainfall totals for Tabligbo meteorological station.

Table 3 shows that dry sequences vary between 1 and 3 years, with an average value of 1.5 years.
During the period studied, we noticed that three successive years was the longest sequence for dry
years, while the longest sequence for normal years consisted of five successive years. The wet years
and those called “normal” account for 73% of the years observed, compared with 27% for dry years
(Table 3).

Table 3. Frequency of dry, normal, and wet sequences in the Tabligbo meteorological station (1970–2018).

Nb of Years
Per Sequence Frequency Nb of Years

Observed
Average Number of
Years Per Sequence

dry sequences %
1 6 6

27% 1.52 2 4
3 1 3

normal sequences
1 5 5

59% 2.23
2 3 6
3 3 9
4 1 4
5 1 5

wet sequences
1 5 5
2 1 2 13% 1.1

Table 4 presents the z-score transformation results. The average rainfall recorded by the station
increased by 10% between the two periods. However, the z-score transformation value was higher
than 1.96 (5% risk threshold), indicating that the difference between the two average rainfall values for
the two periods considered is significant. According to this result, Tabligbo station shows a convincing
general wet trend cycle between 2000 and 2018.
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Table 4. z-score transformation test.

Period (1970–2000) Period (2001–2018)

Average values (µ1 and µ2) 1026 1128
Number of years observed (N) 32 17

Standard deviation (σ) 147 106
z-score transformation test (Z) 2.77

4. Discussion

In West Africa, forests and savannahs are undergoing significant changes due to agricultural
expansion. The assessment and monitoring of LULC changes are therefore important in this region to
identify suitable management policies that allow LULC change dynamics to be mitigated and steered
towards desired outcomes [47]. This study, while filling a gap in information on historical LULC
change in the TPA, aims to highlight the usefulness of associating intensity and trajectory analyses for
a better understanding of LULC changes. We combined these analyses to assess LULC changes over a
temporal extent of 42 years (1974–2016). While intensity analysis provides a good understanding of
the transition intensities among land categories [12,48], trajectory analysis provides complementary
information, namely the spatial distribution of changes over different time intervals [10,13].

4.1. LULC Mapping and Accuracy

The overall accuracies (Appendix C) of our classification are higher than 80%, except for the
1974 map. In an area as complex as ours, with small parcel sizes, the overall accuracies of 76.79%
and 82.46% (less than the 85% target value) seem quite relevant for LULC change analysis [49,50].
In Togo, in similar contexts, accuracies of the same order of magnitude have been obtained by several
studies [13,17,22]. Similar accuracies were also obtained on historical images of the Amazon [24].
The relatively low accuracy of the Landsat 1 MSS images classification could be explained by the image
resolution and the limited number of spectral bands compared to other images.

Natural vegetation dominated the TPA and its surroundings for the first and the second time
points (1974 and 1986), while cropland dominated the study area for the two subsequent time points
(2003 and 2016). During all the time intervals and temporal extents, savannah substantially decreased.
In contrast, cropland increased slightly between 1974 and 1986 before showing an acute increase
during the second and third time intervals. The rapid expansion of cultivated land at the expense of
savannah and forest indicates that extensive agriculture is the major cause of landscape changes in
our study area. Indeed, agricultural practices such as clearing savannah and forest for cultivation or
planting (teak and oil palm) and fallowing are the dominant drivers affecting the landscape dynamics
in the study area [41]. Similarly, different areas of Togo such as Yoto Prefecture [51], around the
Fazao-Malfakassa National Park [22], and the Kara river basin [13], have undergone a conversion of
natural vegetation into agricultural areas leading to the degradation of natural resources.

4.2. Influence of Climate, Human Actions, and Invasive Plants

Forest experienced a net gain during the first and third time intervals. This gain took place mainly
within the protected area and targeted Savannah. For the first time interval, forest gain might probably
be due to the low resolution of the 1974 Landsat 1 image coupled with the drought of the 1970s in
West Africa. Indeed, our analysis of rainfall shows that the period from 1970 to 2000 was rather dry.
The year 1974 was very dry, while 1986 was relatively wet. With the drought, forests would be less
photo-reflective, and with a resolution of 60 m, edges and gallery forests would be difficult to detect.
The drought would be responsible for the drying out of Water (ponds) that we do not detect in the
1974 image. Indeed, climate variability can affect vegetation cover in West Africa [52,53]. To limit
confusion due to the low resolution of the image, the ideal would be to use higher-resolution images.
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Unfortunately, apart from aerial photographs that are not (or only rarely) available in our study area,
Landsat images remain the only sources for historical analyses dating back to the 1970s.

Forest gain during the third time interval would be related to human activities within the
protected area. The low level of enforcement of protection laws has led to a series of cultivation and
fallow abandonment within the protected area. On the one hand, these fallows have evolved into
savannahs and then forests. Other studies in Togo have also reported the dynamics of fallows turning
into forests through forest regrowth [18]. On the other hand, a dense and photo-reflective cover of
Chromolaena odorata (Figure 9) dominates the young fallows at the edges of the forests. Therefore,
these fallows with C. odorata could resemble—and be confused with—the forest. In fact, open areas
and forest canopy gaps are the optimal niches for the establishment and spread of the invasive shrub
species C. odorata [54]. To reduce the confusion induced by C. Odorata, the use of very high-resolution
images would be a solution, and the recent use of drones in remote sensing is an option to be explored.
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4.3. Increasing Anthropogenic Pressures

From the first time interval to the third, there is an increasing intensity of change. Less and less
cropland is abandoned to fallow, and fallow cycles, therefore, become shorter and shorter. Besides,
the first croplands (Permanent cropland) located in the northwestern, northeastern, and southeastern
parts of the site gradually widened towards the protected area, which remains the only remnant
of natural vegetation. This increasing intensity and trajectory of croplands are the consequences of
increasing anthropogenic pressures resulting from population growth and the consequent increase in
food and energy demand, requiring more land for agricultural production [55]. Indeed, the population
density of Maritime and Plateaux, the two regions incorporating the study area, increased from 105 and
38 inhbts/km2 in 1981 to 280 and 81 in 2010, respectively [56]. During the same period, their growth
rates almost tripled (3.16% and 2.58%). Currently, the biodiversity conservation status of the TPA is
under serious threat. While population growth continues, there is no longer any natural vegetation that
could be cleared outside of the protected area. There is, therefore, an urgent need to review agricultural
production systems and protected area management policies. Promoting agroecology, agroforestry,
and the use of compost could be a solution to restore and maintain field fertility.
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4.4. The Usefulness of Associating Intensity and Trajectory Analysis

Without trajectory analyses, it would be difficult to properly locate LULC changes. The location
of the changes made it possible to identify, within the framework of this study, the extent to which
climate factors contributed to the changes observed between 1974 and 1986. Likewise, the location
of the changes made it possible to highlight the effect of C. odorata fallows. Meanwhile, the intensity
analysis showed that the changes are becoming more intense and are mainly linked to anthropogenic
pressures. While each analysis provides useful data, when considered in isolation, it cannot provide
a full picture of the changes and their causes. This constitutes an obstacle to the implementation of
appropriate management policies. Associating intensity and trajectory analysis makes it possible to
specify the share resulting from natural climate changes (droughts, for example) and that resulting
from human activities. This avoids imprudently attributing to human actions the entire evolution of
the environment [57].

5. Conclusions

To sum up, this study filled a gap in monitoring data on LULC change in the TPA and its
surroundings by analysing the historical LULC changes and land transitions over a temporal extent
of 42 years (1974–2016). We assessed LULC changes by combining intensity and trajectory analysis.
Overall, the results show that during the temporal extent studied, the TPA and its surroundings
experienced notable changes. Vegetation cover (forests and savannahs) experienced a decrease from
67% to 22%, while cultivated land increased from 33% to 77%. Savannah and Cropland respectively
decreased and increased gradually during the study period, while Forest experienced a sawtooth
dynamic. The irregular dynamics of Forest are thought to be linked to the combined effect of
human activities, climate, and invasive plants, particularly C. odorata. Furthermore, our results
show that human activities, including agricultural practices such as clearing savannah and forest
for cultivation and fallowing, are the main factors driving landscape dynamics. The combination
of intensity and trajectory analyses not only allows for a better understanding of spatio-temporal
dynamics but also renders it possible to link drivers with processes of LULC change in our study site.
We therefore recommend that decision-makers always consider these two complementary analyses
when implementing any management policy. Nevertheless, additional studies are necessary to enhance
the accuracy of LULC mapping, particularly to distinguish between C. odorata fallows and forests.
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Appendix A. Areal Distribution of the LULC Categories in and around the Togodo Protected Area
in 1974, 1986, 2003, and 2016.

Table A1. Areal Distribution of the LULC Categories in and around the Togodo Protected Area in 1974,
1986, 2003, and 2016.

1974 1986 2003 2016

LCC Areas
(ha) % Areas

(ha) % Areas
(ha) % Areas

(ha) %

Forests 8388.75 7.03 9988.31 8.37 6240.35 5.23 6994.36 5.86
Savannahs 71,554.06 59.97 66,779.63 55.97 44,151.83 37.00 19,696.13 16.51
Croplands 39,371.74 33.00 41,915.87 35.13 68,050.69 57.03 91,498.8 76.68
Built areas 8.49 0.01 357.73 0.30 521.32 0.44 790.06 0.66

Water 0.00 0.00 281.50 0.24 358.85 0.30 343.69 0.29

Appendix B. Land Change Trajectories Definition and Proportion.

Table A2. Land Change Trajectories Definition and Proportion.

Trajectory Classes Definition Trajectories Percentage of Area (%)

Permanent cropland At least 42-years
permanent cropland CCCC (CCCC) 25.28

Permanent vegetation
At least 42-years
permanent forest

or savannah

FFFF, FFFS, FFSF, FFSS, FSFF, FSFS,
FSSF, FSSS, SFFF, SFFS, SFSF, SFSS,

SSFF, SSFS, SSSF, SSSS (VVVV)
19.55

Recent cropland
Conversion from forest or

savannah to cropland
between 2003 and 2016

FFFC, FFSC, FSFC, FSSC, SFFC,
SFSC, SSFC, SSSC, (VVVC) 20.87

Recent reforestation Abandoned cropland
between 2003 and 2016 CCCF, CCCS (CCCV) 0.01

Cropland-fallow cycle Old and recent
Cropland-fallow cycles

FFCF, FFCS, FSCF, FSCS, SSCF,
SSCS, SFCF, SFCS, FCCF, FCCS,
SCCF, SCCS, CFCF, CFCS, CSCF,
CSCS, FCFC, FCSC, SCFC, SCSC,
CFFC, CFSC, CSFC, CSSC, CCFC,

CCSC FCFF, FCFS, FCSF, FCSS,
SCFF, SCFS, SCSF, SCSS (VVCV,
VCCV, CVCV VCVC, CVVC,

CCVC, VCVV)

0.98

Young cropland
At least 13-years

permanent cropland from
forest or savannah

FFCC, FSCC, SFCC, SSCC, CFCC,
CSCC (VVCC) 22.54

Young reforestation
At least 13-years

permanent forest or
savannah from cropland

CCFF, CCFS, CCSF, CCSS (CCVV) 0.3

Old cropland
At least 30-years

permanent cropland from
forest or savannah

FCCC, SCCC (VCCC) 7.23

Old reforestation
At least 30-years

permanent forest or
savannah from cropland

CFFF, CFFS, CFSF, CFSS, CSFF,
CSFS, CSSF, CSSS (CVVV) 1.52

Other Any conversion involving
settlements and water OOOO (OOOO) 1.72

Bold codes in brackets correspond to the trajectories by combining savannah and forest in a single vegetation class
(C: Cropland, F: Forest, S: Savannah, O: Other).
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Appendix C. Accuracy Assessment Summary Table (A3: 1974; A4: 1986; A5: 2003, and A6: 2016)

Table A3. Summary table of Unbiased Accuracy Assessment of LULC Map of categories in and around
the Togodo Protected Area in 1974

1974 Unbiased Accuracy Assessment Summary

Class Estimated Area
(hectares) ±95% CI User’s

Accuracy (%)
Producer’s

Accuracy (%)
Overall

Accuracy (%)
Forest 10,732.15 1930.04 82.98 64.86

76.79
Savannah 63,264.99 4209.65 76.35 86.36
Cropland 45,095.79 4125.06 76.27 66.59
Built area 230.05 435.98 90.00 3.31

Table A4. Summary table of Unbiased Accuracy Assessment of LULC Map of categories in and around
the Togodo Protected Area in 1986

1986 Unbiased Accuracy Assessment Summary

Class Estimated Area
(hectares) ±95% CI User’s

Accuracy (%)
Producer’s

Accuracy (%)
Overall

Accuracy (%)
Forest 11,993.92 3206.37 85.37 71.09

82.46
Savannah 59,441.17 6240.03 81.52 91.59
Cropland 45,268.91 6206.11 83.08 76.92
Built area 966.82 1264.85 90.00 33.30

Water 1652.23 1903.04 100.00 17.04

Table A5. Summary table of Unbiased Accuracy Assessment of LULC Map of categories in and around
the Togodo Protected Area in 2003

2003 Unbiased Accuracy Assessment Summary

Class Estimated Area
(hectares) ± 95% CI User’s

Accuracy (%)
Producer’s

Accuracy (%)
Overall

Accuracy (%)
Forest 7978.36 2079.01 94.44 73.87

90.5
Savannah 43,660.68 4237.93 88.10 89.09
Cropland 66,374.16 4133.94 91.79 94.11
Built area 984.22 996.09 91.38 48.40

Water 325.62 59.33 88.24 97.24

Table A6. Summary table of Unbiased Accuracy Assessment of LULC Map of categories in and around
the Togodo Protected Area in 2016

2016 Unbiased Accuracy Assessment Summary

Class Estimated Area
(hectares) ± 95% CI User’s

Accuracy (%)
Producer’s

Accuracy (%)
Overall

Accuracy (%)
Forest 7608.59 1053.31 88.78 81.61

88.08

Savannah 19,283.23 1849.80 83.48 85.27
Cropland 26,252.27 1653.63 90.95 89.66

Fallow 37,250.36 2218.50 88.70 87.73
Plantation 27,580.33 1883.61 87.42 91.21
Built area 989.38 361.85 92.31 73.71

Water 358.88 20.95 100.00 95.77
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