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Abstract 
Climate change is affecting terrestrial and maritime ecosystems of Mono 
transboundary biosphere reserve and the whole Togolese coast. This research 
focuses both on the dynamics of the barrier beach and on spatial and temporal 
changes that affected the ocean coastline and its adjacent Lake Togo and Lake 
Boko during the period 1988-2018. The methodological approach adopted is 
based on a combination of optical and radar remote sensing. As results, the 
Lake Togo widened on average by 1.55 m/year while the coastline of the Lake 
Boko shrank by 1.25 m/year. For the coastline of the Ocean, the regression 
ranged from 1.66 to 5.25 m/year. The barrier beach experienced an average 
immersion of 9.25 ha/year. Predictions on the basis of the average rate of im-
mersion of the barrier beach of 9.25 ha/year showed that the latter is exposed 
to a continuous immersion hazard that would affect more than 7% of its cur-
rent area (6557.33 ha) by the year 2070. 
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1. Introduction 

Climate change is one of the major environmental challenges of 21st century. In 
West Africa, the dependence on natural resources by the majority of the popula-
tion contributes to modifying the ecological equilibrium of many ecosystems [1]. 
West Africa is one of the areas severely affected by climate change [2]. As con-
sequence, West African coasts experienced several landform changes due to cli-
matic variations, demographic change, and social and economic transforma-
tions. The most notable changes are coastal erosions [2] [3]. 

The Togolese barrier beach is affected by the phenomenon of coastal erosion. 
Due to its geographic location between the Atlantic Ocean and Lake Togo in the 
south of the Mono transboundary biosphere reserve, it offers several touristic, 
economic, cultural, social and scientific services to only name few [4] [5]. For 
this reason, the barrier beach is privileged and coveted. 

Despite all these services, the barrier beach faces many challenges such as ur-
ban expansion, elevation of sea level and the flooding of Lake Togo. The intensi-
fication of these phenomena weakens the functioning of ecosystems and hinders 
the conservation and the sustainable management of the barrier beach of the 
Mono transboundary biosphere reserve. Facing the rapid deterioration of the 
barrier beach and the exposure of human beings and their assets, there is a need 
for a strategic planning tool to guide decision makers for next decades. This 
study, based on the remote sensing, tools, searches for information not only on 
the dynamics of the barrier beach and its resources, but also on monitoring spa-
tial changes that occurred on the coastline of the Ocean, Lake Togo and Lake 
Boko which are contiguous. 

Tools including spatial remote sensing optical and radar satellite images are 
the preferred means for discrimination and monitoring of landscape features 
[6]. They are also the ideal means for forecasting, monitoring and analyzing 
damages [7] [8].   

Consequently, it is sound to seek the contribution of these tools in under-
standing the barrier beach changes. To that end, a first step will consist of cha-
racterizing the landscape of the area, followed by the study of the dynamics of 
the barrier beach and its resources before studying finally the kinematics of the 
coastline of the Ocean, Lake Togo and Lake Boko. 

2. Materials and Methods 
2.1. Study Area 

The transboundary biosphere reserve of the Mono Delta is located in the south 
of Togo and Benin. It has been officially recognized by the UNESCO “Man and 
Biosphere” program in 2017 [9]. It helps to insure, through cooperation be-
tween concerned countries, the protection and management of transboundary 
ecosystems. The reserve is characterized by lake, coast, lagoon, swamp and for-
est areas, with a diversity in species important at national, regional and interna-
tional levels. 

https://doi.org/10.4236/oalib.1104526


Y. Konko et al. 
 

 

DOI: 10.4236/oalib.1104526 3 Open Access Library Journal 
 

This study was conducted on the barrier beach of the transboundary bios-
phere reserve of the Mono Delta, in the Togolese part. It is located between the 
Atlantic ocean and the Togo lake, between the latitudes 6˚10'42.461"N and 
6˚15'12.391"N and the longitudes 1˚22'24.384"E and 1˚35'2.837"E (Figure 1). 

The study area is part of the coastal sedimentary basin of southern Togo 
which has a Guinean subequatorial climate characterized by four seasons, 
namely a long dry season from November to mid-March, a long rain season 
from mid-march to mid-July, a short dry season from August to September and 
a short rain season from October to November. Precipitations in the area are 
very irregular, ranging from 1000 to 1400 mm/year. The hydrographic network 
is composed mainly of the lagoon system and the Zio and Haho River. The mean 
temperature is generally high, around 27˚C [10]. Accumulated sediments in the 
lagoon zone and the coastline are clays and sea sands. The geology of the coastal 
sedimentary basin consists of three main aquifer horizons, namely Upper Creta-
ceous, Paleocene and Continental Terminal aquifers [11] [12]. At the south-east, 
in the surroundings of the city of Aného, there are some infrastructures installed 
by the government for protection against coastal erosion. Ecosystems around the 
lagoon system are severely degraded due to increasing urbanization and human 
actions. The main economic activities of residents are fishing, agriculture and/or  

 

 
Figure 1. Location of the barrier beach of the Mono transboundary biosphere reserve. 
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livestock farming [4]. The population of the barrier beach of the reserve is esti-
mated at 82,724 inhabitants [13]. 

2.2. Data Used 

The data used in this study come from optical satellite images (Landsat TM, 
ETM+, https://landsat.usgs.gov/; Sentinel-2A MSI, https://sentinel.esa.int/) and 
Radars (Sentinel-1A, https://sentinel.esa.int/). The optical data (Sentinel-2A 
MSI) were acquired by the Sentinel-2A satellite equipped with Multi Spectral In-
strument (MSI) sensor. The MSI measures the Earth’s reflected radiance in 13 
spectral bands from the visible, near-infrared (VNIR) to shortwave-infrared 
(SWIR). The Radars data were acquired in rising orbit by the Sentinel-1A satel-
lite equipped with a C band (λ = 5.6 cm) sensor in Interferometric Wide Swath 
(IW) mode at dual-polarization (vertical transmitting with vertical receiving 
(VV) and vertical transmitting with horizontal receiving (VH)) and are delivered 
in GRDH (Ground Range Detected High Resolution) products. The breakdown 
of images is as follows: TM image of 12 February 1988, ETM+ image of 13 De-
cember 2000, MSI image of 04 January 2018 and one IW/GRDH images of 04 
December 2017. The dates were chosen in the long dry season in order to use 
images that were sensed in similar conditions, for a coherent data analysis. TM 
and ETM+ images were collected on 192/055 (Path/Row) with a spatial resolu-
tion of 30 m. MSI images had a spatial resolution ranging from 10 to 60 m and 
the Sentinel-1A image had a spatial resolution of about 20 × 22 m2 in the ground 
range and azimuth direction, respectively, with an equivalent number of looks 
(ENL) of 4.9. The pixel size of the radar image is 10 × 10 m2. The national topo-
graphic data provided by the Japanese International Cooperation Agency (JICA) 
at a scale of 1/50,000 (Sheet NB-31-XIV-1d Hahotoe; Sheet NB-31-XIV-1b Ba-
guida; Sheet NB-31-XIV-2c Aneho) had been used as reference data for georefe-
rencing satellite images.   

2.3. Pre-Processing of Optical Data 

All the optical images have been pre-processed under the SNAP (Sentinel Ap-
plication Platform) software [14]. Firstly, the optical images were geo-referenced 
from GPS field surveys and JICA topographic data, under the UTM projection, 
according to the World Geodetic System, WGS 84, UTM 31North. Subsequently, 
pretreatments focused on resampling and contrast enhancement operations. The 
resampling allowed to reduce to 15 m, the spatial resolution of Landsat and Sen-
tinel image bands in order to make their overly possible. The contrast enhance-
ment allowed the rebalancing of color tones and harmonization of histograms of 
the scenes. The normalized difference water index (NDWI) [15] was used to 
improve the discrimination of aquatic and terrestrial areas. NDWI is computed 
according to the Equation (1) where NIR refers to the near infrared band and 
Green to the Green band. NDWI seeks to maximize reflectance of water using 
green wave-lengths, minimize the low reflectance of NIR by water features and 
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finally, take advantage of the high reflectance of NIR by both the vegetation and 
the soil. Typically, as results, water has positive values while soil and vegetation 
have either nil or negative values. 

Green NIRNDWI
Green NIR

−
=

+
                        (1) 

2.4. Pre-Processing of Radar Data 

Sentinel-1A images have been processed under the Sentinel 1 software. They 
underwent operations of geometric correction, radiometric calibration, ortho-
rectification and reduction of speckle. The geometric correction allowed swapping 
the direction of the images in the north-south direction so that they are in the cor-
rect geometry for the operator. The radiometric calibration allowed standardizing 
the intensity of the signal enabling different images comparison. Orthorectification 
enabled compliance in WGS 84/UTM ZONE 31 North cartographic projection. 
The data were orthorectified using the Range Doppler Terrain Correction algo-
rithm [14] and the ASTER (Advanced Spaceborne Thermal Emission and Reflec-
tion Radiometer) Digital Terrain Model. This procedure produces orthorectified 
images with a relative position error of about one pixel [16]. The shimmer known 
as speckle is a kind of pepper and salt texture noise that degrades the quality of the 
image and makes interpretation more difficult. The reduction of speckle was per-
formed by averaging the pixel values over a three by three window and replacing 
the corresponding pixel of the resulting image with the result of the mathematical 
operation. Complementary images such as images of color composition and im-
ages from the report (VV/VH) averaged were also produced to allow easier visual 
interpretation of terrestrial and aquatic environments.  

2.5. Visual Interpretation of Satellite Images 

It was possible to extract information on the forms of land uses thanks to the 
Color composition of optical images, NDWI index, VV and VH averaged im-
ages, averaged color composition images and the images from the report 
(VV/VH) at full spatial resolution. The nomenclature used by JICA was adopted 
with some modification. The different forms of land use were then confirmed by 
field surveys and Google Earth images. The set of land use units discriminated 
on optical and radar images allowed the definition of an interpretation key for 
the classification of optical images. 

2.6. Optical Images Classification 

Firstly, the interpretation key allowed the definition of training zones and the 
creation of region of interest ROIs (land occupation classes). Subsequently, the 
supervised classification method with the Support Vector Machine (SVM) algo-
rithm was adopted after statistical computation of means and standard devia-
tions for image bands. This algorithm has been adopted for its efficiency in clas-
sifying complex landscapes and producing good results [17]. It also performs 
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better compared to many other satellite image classification methods [18] [19]. 
SVM is a statistical learning classification technique. SVM focuses classification 
decisions on the boundary between classes and not on mean and variances of 
classes. After classification, sieving was applied to smooth classes by considering 
a minimum mapping unit (MMU) of 0.5 ha. 

2.7. Classification Control 

The validation of the classification was carried out through 100 control points 
randomly selected and distinct from the ROIs at the rate of 20 points per land 
use class. The control was carried out by field visits. From confrontations of the 
results with ground truth, the matrix of confusion, the Kappa Indices (K) and 
also the global precision for the years 1988, 2000 and 2018 were computed. Ac-
cording to the scale of Landis and Koch [20], the classification is said excellent if 
K is greater than 0.8, good if K is between 0.8 and 0.6, moderate when K ranges 
from 0.6 to 0.2 and bad when K is less than 0.2. Shapefile and area of each lan-
duse/landcover were obtained from the vectorization of the classified images.  

2.8. Spatial-Temporal Dynamics of the Barrier Beach and Its  
Resources 

Dynamics of the barrier beach landuse units were evaluated through the difference 
in area (ΔS) between the second date (D2) and the first date (D1) images; and the 
annual rate of change (Tannual) in hectare per year was obtained by the Equation (2). 

annual
2 1

ST
D D
∆

=
−

                           (2) 

2.9. Shoreline Kinematics 

The shoreline was extracted from the classified images for the years 1988, 2000 
and 2018. In order to allow a better visualization of evolutions over time, the coast 
was subdivided into eight (8) rectangular sectors of about 3 × 1 km (Figure 2). 
Although these sectors do not represent any administrative or natural boundary, 
they serve for communication, sensitization and decision making. Indeed, it easier 
to indicate where changes and actions need to be taken thanks to these sectors. 

Shoreline kinematics has been automatically evaluated by the dedicated Digi-
tal Shoreline Analysis System (DSAS) extension of ArcGIS [21]. The use of 
DSAS requires the prior integration of shoreline shapefile within a geodatabase 
and the digitization of an imaginary baseline from which DSAS creates perpen-
dicular transects to the lines to be compared. For this study, 500 transects were 
created. A conventional step of 50 m measurements is used between 400 m long 
transects. The estimation of the rates of variation of the shoreline is performed 
following three complementary methods. The first, based on end point rate 
(EPR), only takes into account two positions of the coastline in time. The EPR is 
calculated by dividing the distance of shoreline movement by the time elapsed 
between the oldest and the most recent shoreline. The major advantages of the  
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Figure 2. Map of coastline subdivided into eight equal sectors. 
 

EPR are the ease of computation and minimal requirement of only two shoreline 
dates. The major disadvantage is that in cases where more data are available, the 
additional information is ignored. Changes in sign (for example, accretion to 
erosion), magnitude, or cyclical trends may be missed [21] [22]. The second is 
the linear regression method (LRR) used when data is multiple. A LRR of change 
statistic is determined by fitting a least-squares regression line to all shoreline 
points for a particular transects. The regression line is placed so that the sum of 
the squared residuals (determined by squaring the offset distance of each data 
point from the regression line and adding the squared residuals together) is mi-
nimized. The method of linear regression includes these features: 1) All the data 
are used, regardless of changes in trend or accuracy; 2) The method is purely 
computational; 3) The calculation is based on accepted statistical concepts, and 
4) the method is easy to employ. It allows highlighting the evolutionary trend 
over time [3] [21]. The third is the method of net shoreline movements (NSM) 
over time. It reports the distance between the oldest and youngest shorelines for 
each transect. This represents the total distance between the oldest and youngest 
shorelines. It allows calculating the distance lost or recovered by the sea. The 
surfaces lost or recovered by the sea were also calculated. 
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2.10. Spatial and Temporal Dynamics of Lake Togo and Lake Boko 

Lake Togo and Lake Boko shapefiles were extracted from the classified images 
for the years 1988, 2000, and 2018. The dynamics was evaluated through the dif-
ference in area (ΔS) between the second date data (D2) and the first date data 
(D1) and the annual rate of change (Tannual) was calculated according to equation 
2. Banks kinematics was evaluated by the Linear Regression Method (LRR) un-
der the DSAS extension. 

3. Results 

The control of the classification of optical images TM, ETM+ gave an overall 
accuracy of 89.41% and 88.49%. The Kappa index (K) calculated is 0.86 and 0.87 
for the years 1988 and 2000. Control of the classification of the MSI image of 
2018 showed that 87 out of the 100 randomly selected points were accurately as-
signed to their actual landuse. This generated an overall accuracy of 87% and a 
Kappa index of 84% (Table 1). 

3.1. Spatial and Temporal Dynamics of the Barrier Beach and Its  
Resources 

In 1988, the barrier beach was characterized by five (5) land-use units. These 
were urban structures and crops (70.45%), swamps (25.93%), cordon of dunes 
(2.05%), body of water (0.81%) and the forest (0.76%). for the forest class, only 
one forest has been identified, this is the forest of Asseve. 

From 1988 to 2018, the area of urban structures and crops increased while the 
area of other landuses significantly decreased (Figure 3 and Table 2). The aver-
age annual landuse change ranged from −15.60 ha for swamps to 7.84 ha for ur-
bans and crops. As general the global annual change is negative and is about 
−9.25 ha (Table 2) indicating a reduction of the total area of the barrier beach. 
Predictions based on the average sinking rate of the barrier beach of 9.25 ha/year 
showed that it is exposed to a continual risk of immersion which may affect  
 
Table 1. Confusion matrix for estimating the accuracy of the classification. 

Landuse/ 
landcover 

Urbans and 
crops 

Swamps 
Cordon 
of dunes 

Body 
of water 

Forest Total 

Urbans and 
crops 

18 2 - - 2 22 

Swamps 2 16 3 2 - 23 

Cordon of 
dunes 

- 2 17 - - 19 

Body of water - - - 18 - 18 

Forest - - -  18 18 

Total 20 20 20 20 20 100 

Overall accuracy = 87% 
Kappa index = 84% 
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Figure 3. Land use maps of 1988, 2000, 2013 and 2018. 
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Table 2. Change of the landuse/landcover of the barrier beach from 1988 to 2018. 

Landuse/landcover 
(LuLc) 

1988 2000 2013 2018 1988 to 2018 

Area  
(ha) 

Area  
(ha) 

Area 
(ha) 

Area 
(ha) 

ΔS 
(ha) 

Tannual 
(ha/yr) 

Swamps 1772.44 1607.15 1502.14 13034.53 −468.91 −15.60 

Body of water 55.70 45.92 41.54 36.15 −19.55 −0.65 

Cordon of dunes 140.08 133.67 - 127.28 −12.80 −0.43 

forest 51.67 45.80 40.19 39.35 −12.32 −0.41 

Urbans and crops 4814.94 4902.39 5007.24 5050.02 255.08 7.84 

Total 6834.83 6734.93 6591.12 6557.33 −277.50 −9.25 

 
more than 7% of its surface area in the 2070s. 

3.2. Kinematics of the Shoreline 

Analyzes show that over time, the shoreline has changed substantially by sector 
(Figure 4). These variations are expressed in the first place by erosion pheno-
mena.  

An in-depth analysis of changes using the EPR method allowed to draw Table 
3. A positive evolution rate means an accretion whereas a negative rate 
represents an erosion. It follows from Table 3 that the shoreline had generally 
experienced erosion during all time periods except 2013-2018 in which areas 6, 7 
and 8 had experienced accretion phenomena. This period also has a high average 
erosion rate of up to 8.52 m/year for sector 1. For the period 1988-2018, the 
highest average erosion rates were observed in sectors 1, 2 and 3 with values of 
5.29; 5.59 and 4.97 m/year, respectively.  

The assessment of the shoreline changes by LRR method led to similar trends 
as the assessment by EPR with minor differences. The results for the period 
1988-2018 showed that the highest average erosion rate is in sector 2 and is of 
the order of 5.25 m/year. On the other hand, the lowest average erosion rate is 
observed in sector 8 with a value of 1.86 m/year (Figure 5). The study of shore-
line variations by the NSM method showed that sectors 1, 2 and 3 are the most 
affected by the phenomenon. Indeed, from 1988 to 2018, they experienced sig-
nificant erosion over a distance ranging from 149 m to 168 m, unlike other sec-
tors where values ranging from 56 m to 87 m were recorded (Figure 5). 

The area covered by the sea on the shore augmented by 216.6 ha between 1988 
and 2018 corresponding to an average annual rate of 7.22 ha (Figure 6). The 
large losses in area are observed in sectors 1, 2 and 3. The average losses are re-
ported on sectors 4 and 7. 

3.3. Spatial-Temporal Dynamics of Lake Togo and Lake Boko 

Lake Togo and Lake Boko have undergone profound changes from 1988 to 2018. 
Figure 7 illustrates the spatial-temporal change of Lake Togo and Lake Boko.  

The statistical analysis of the areas revealed a dynamic evolution of 6.72  
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Figure 4. Map of shoreline change over the period 1988 to 2018. The yellow line indicates the position of shoreline in 1988, the 
blue line its position in 2000, the green line the position in 2013 and the red line the position in 2018. 

 
Table 3. Evolution of the shoreline by the EPR method from 1988 to 2018. 

 

Average annual change (meter per years) 

Sector 1 Sector 2 Sector 3 Sector 4 Sector 5 Sector 6 Sector 7 Sector 8 

1988 to 2000 −4.35 −6.01 −4.89 −2.92 −2.09 −4.87 −3.75 −2.75 

2000 to 2013 −3.01 −4.24 −4.81 −2.83 −2.16 −3.98 −2.91 −1.91 

2013 to 2018 −8.52 −6.51 −5.21 −2.92 −2.21 4.88 1.09 1.09 

1988 to 2018 −5.29 −5.59 −4.97 −2.89 −2.15 −1.99 −2.52 −1.86 

 
ha/year for lake Togo and a regressive dynamics of 2.75 ha/year for Lake Boko. 
There was also a loss in area of 82.35 ha for Lake Boko and a gain of 201.73 ha for 
Lake Togo over the period 1988-2018. The corresponding average erosion rate for 
the banks of Lake Togo is 1.55 m/year. For Lake Boko, the mean accretion rate of 
the banks is 1.25 m/year (Table 4). It is important to emphasize that the mutations 
observed do not occur systematically along the banks but were localized. 

4. Discussions 

The present study was based on multi-source satellite images of different spatial 
resolutions. Despite the efforts made to improve the visual interpretation of the 
images, it was found that the 30 m resolution Landsat TM and ETM + images do  

https://doi.org/10.4236/oalib.1104526


Y. Konko et al. 
 

 

DOI: 10.4236/oalib.1104526 12 Open Access Library Journal 
 

 
Figure 5. Illustration of shoreline change assessment for the period 1988 to 2018 by NSM and LRR methods. 

 

 
Figure 6. Area submerged annually by coastal erosion. 
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Figure 7. Spatial-temporal change maps of Lake Togo and Lake Boko. 
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Table 4. Evolution of the areas of Lake Togo and Lake Boko. 

 

1988 2000 2013 2018 1988 to 2018 

Area 
(ha) 

Area 
(ha) 

Area 
(ha) 

Area 
(ha) 

ΔS 
(ha) 

Tannuel 
(ha/yr) 

LRR 
(m/yr) 

Lake Togo 5054.71 5151.84 5221.55 5256.44 201.73 6.72 −1.55 

Lake Boko 583.67 545.92 512.18 501.33 −82.35 −2.75 1.25 

 
not allow for a sufficiently clear and precise distinction of land use units in the 
same way as Sentinel 2A MSI images of 10 to 60 m spatial resolution. The MSI 
sensor has better scene rendering than the ETM and ETM + sensors. On the VV, 
VH and (VV/VH) radar images in full spatial resolution, difficulties were en-
countered in discriminating the land use units, leading to some confusion. In 
fact, on full spatial resolution images, the presence of speckles did not make it 
easy to identify the different classes. On the other hand, on the filtered (aver-
aged) images, the color composition of the images made it possible to distin-
guish with certainty some land use units with respect to the VV, VH and 
(VV/VH) images in gray level. It appears therefore necessary to combine multi-
source optical and radar satellite imagery data for a better cartographic per-
formance.  

The control of the classification of optical images TM, ETM+ and MSI gave an 
overall accuracy of 89.41%; 88.49% and 87% for the years 1988, 2000 and 2018, 
respectively and Kappa index (K) calculated was 0.86; 0.87 and 0.84 for the same 
years, respectively. From the interpretation of the various indices on the basis of 
the scale of Landis and Koch [20], the classification can be qualified as excellent 
(K > 0.8) and the results are exploitable. The changes that have occurred over 30 
years of identified land use were due to climate changes and human pressure re-
sulting from the population increase and agricultural practices. Indeed, the study 
area remains one of the densely populated areas of the national territory which 
leads to overexploitation of land for housing and agricultural practices [23].  

The regressive dynamics of 9.25 ha/year observed on the barrier beach re-
mains a concern. The current context of climate change increases exposure of 
human beings and their structures to immersion and damages. Predictions based 
on the average sinking rate of the barrier beach of 9.25 ha/year showed that it is 
exposed to a continual risk of immersion which may affect more than 7% of its 
surface area in the 2070s. It is worth highlighting however that this is just a pro-
jection from the historical trend and therefore the actual decrease may be higher 
under worse climatic conditions and/or population practices. The frequency and 
intensity of extreme natural geomorphic phenomena continue to increase due to 
climate variability and anthropogenic impact [24] [25] [26] [27]. Hence, various 
ecosystems of the barrier beach are likely to undergo rapid and massive degrada-
tion in the near future, which may lead to their reduction or even their complete 
depletion. As consequence, the flora and fauna richness as well as the local pop-
ulation estimated at 82,724 inhabitants [13] and basic infrastructures of the area 
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will be affected. The immersion of the barrier beach will also lead to the reduc-
tion of the national surface area with all the consequences. 

Analysis of the rates of change in the shoreline using the end point rate (EPR) 
method and the linear regression method (LRR) underscored that LRR method 
underestimated the rates of change compared to the EPR method. This finding is 
in accordance with several authors who stated LRR method is the most efficient 
and the easiest to use [3] [21] [22]. Indeed, this method based on universal sta-
tistical concepts, takes into account all the positions of the coastline in time, un-
like the EPR method which neglects changes between two chosen dates. Howev-
er, the EPR method has the advantage of giving the evolution of the coastline by 
period tranche unlike the LRR method which gives the evolution over the pe-
riod. 

The 1.55 m yearly expansion on average of the lake Togo can be explained by 
sediment input from the Zio River located upstream. This phenomenon leads to 
siltation and gradual expansion of the lake Togo. In fact, the ASTER DEM data 
of the area helped identify a decreasing slope from the Zio River to the Togo 
Lake and a flow in the North-South direction. The 1.25 m yearly shrinkage of the 
lake Boko on average could also be explained by the fact that the latter is not in 
connection with a proper river upstream and loses its volume of water by pour-
ing into Lake Togo due to altitude gradient.  

The regression ranging from 1.66 to 5.25 m/year (LRR method) observed on 
the Togolese coastline is lower than the results of Blivi [28] and Blivi and Ad-
joussi [29] which showed a regression of the coastline ranging from 5 to 10 
m/year. This discrepancy could be explained by differences in the methodologi-
cal approach. In fact, in this study the coastline was extracted by supervised clas-
sification of satellite images (Landsat TM, ETM+ and Sentinel-2A MSI) and the 
kinematics was evaluated using the statistical methods available in the DSAS ex-
tension whereas, Blivi and Adjoussi (2004) proceeded by means of a Landsat 
image analysis (MSS and TM) and the methods of coastline extraction and cal-
culation of the kinematics were not clearly defined. Divergences are also related 
to the construction by the government over the last decade, of protection infra-
structure at certain parts of the coastline to mitigate coastal erosion. In fact, the 
protection infrastructures have a positive effect and are highly recommended.  

The regression of the coastline observed in this study resulted in the loss of 
216.6 ha of land area over the period 1988-2018. At this pace, the country will 
lose more than 570 ha of its area by 2070 if no concrete action is taken. 

The results obtained are also similar to several studies conducted in West 
Africa showing a reduction of the coastal area [2] [30] [31] [32] [33]. 

5. Conclusion 

This study has contributed to spatial-temporal monitoring of 1) the barrier 
beach and its resources, 2) Lake Togo and Lake Boko and 3) the coastline of the 
littoral. The results showed that the barrier beach experienced an immersion of 
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9.25 ha/year in favor of Lake Togo and the ocean. Lake Togo is expanding by 
1.55 m/year while Lake Boko is shrinking by 1.25 m/year. The shoreline expe-
rienced an average recession ranging from 1.66 to 5.25 m/year. Predictions based 
on the average rate of immersion of the barrier beach of 9.25 ha/year showed 
that it is exposed to a continual risk of immersion which may affect more than 
7% of its surface area by the 2070s. The different spatial changes observed could 
be attributed to natural phenomena (climate changes) and human activities. The 
results obtained will serve as decision support tools for the design and imple-
mentation of appropriate management plans. 
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