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Abstract 
Climate change is a major concern of humanity. One of the consequences of 
climate change is global warming causing melting glaciers, rising sea levels 
and shoreline regression. In Togo, the regression of shoreline leads to coastal 
erosion with significant damage on socio-economic infrastructures and hu-
man habitats. This research, basing on geospatial techniques, focuses on coastal 
erosion monitoring from 1988 to 2018 in Togo. It is interested in the extrac-
tion of shoreline and in the analysis of change. Various satellite images indexes 
have been developed for shoreline extraction but the major scientific problem 
concerns the precision of the different classification algorithms methods used 
for the extraction of the shoreline from these water index. This study used 
NDWI index from multisource satellite images. It assesses the performance of 
Otsu threshold segmentation, Iso Cluster Unsupervised Classification and Sup-
port Vector Machine (SVM) Supervised Classification methods for the ex-
traction of the shoreline on NDWI index. The topographic morphology such 
as linear and non-linear coastal surfaces have been considered. The estimation 
of the rates of change of the shoreline was performed using the statistical li-
near regression method (LRR). The results revealed that the SVM Supervised 
Classification method showed good performance on linear and non-linear 
coastal surface than the other methods. For the kinematics of the shoreline, 
the southwest of the Togolese coast has an average erosion rate ranging from 
2.49 to 5.07 m per year. The results obtained will serve as decision-making 
support tools for the design and implementation of appropriate adaptations 
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plans to avoid the immersion of the asphalt road by sea, displacement of pop-
ulation and disturbance of human habitats. 
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1. Introduction 

Climate change and its effects are of global concern and has become an active 
area of research for scientists [1]. One of the consequences of climate change is 
global warming causing melting glaciers, rising sea levels and shoreline regres-
sion [2]. A shoreline is the line of contact between land and a sea [3]. The re-
gression of shoreline leads to coastal erosion with significant damage on so-
cio-economic infrastructure and natural ecosystem [4] [5]. 

The West African coast is one of the areas severely affected by coastal erosion 
phenomena [6]. Of particular concern is the Togolese coast. Due to its configu-
ration, the Togolese coast faces many challenges such as urban expansion and 
coastal erosion. The recent research of Konko et al. (2018) [2] in the East of the 
Togo coast showed that, the shoreline experienced an average recession ranging 
from 1.66 to 5.25 m per year while the urban area increases from 7.84 ha per 
year. Predictions based on those averages rate showed that the barrier beach with 
its residential areas whose the local population estimated at 82.724 inhabitants 
are exposed to a continual risk of inundation by shoreline regression which may 
affect more than 7% of its surface area by the 2070s. The inundation of the bar-
rier beach could increase damage on socio-economics structures, human beings 
and rural exodus phenomenon. 

Although the recent research of Konko et al. (2018) [2] links coastal erosion 
phenomenon to climate change and provides decision-making support tools for 
the implementation of appropriate adaptation plans in the East of the Togo coast, 
the data on the shoreline regression in the west part of the coast are lacking. Ac-
cording to Blivi and Adjoussi (2004) [7], the western part of the Togolese coast 
experienced coastal erosion phenomenon leading important damages. The lack 
of recent statistics data on the evolution of coastal erosion in this part of the 
coast does not allow predictions as well as the implementation of adaptation and 
mitigation measures. 

Monitoring of shoreline in the whole of the Togolese coast is fundamental for 
planning, defining of hazard zones, and predicting of erosion. The present study, 
based on remote sensing techniques, is part of this perspective and focuses on 
the western part of the Togolese coast. 

Remote sensing provides new technological advantages in costal monitoring 
research [8] and gives a big opportunity to obtain reliable shoreline information. 
Tools including satellite images are the preferred means for discrimination and 
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monitoring of landscape features [9] [10].  
Various water index methods from satellite imagery to improve the discrimi-

nation of aquatic and terrestrial areas in coastal zone have been developed such 
as Normalized difference water index (NDWI) and modified normalized differ-
ence water index. 

Although the water index of satellite images allow a discrimination of terre-
strial and aquatic areas, the major scientific problem concerns the precision of 
the different classification algorithms used for the extraction of the shoreline 
from these water index. 

The techniques of image processing can provide reliable solutions for extrac-
tion shoreline issues. Some methods have been proposed. Support Vector Ma-
chine (SVM) [2] [11], Iterative Self Organized Data Analysis (ISODATA) [12], 
thresholding and morphological filtering [13], Random forest method [14], ob-
ject-oriented fuzzy classification approaches [15], mean-shift segmentation [16] 
and genetic algorithm based methods [17] can be counted as mainly used me-
thods for shoreline extraction.  

In order to use the most suitable method for shoreline extraction from NDWI 
index commonly used, this study based in the west coast part of Togo, firstly, 
assesses the performance of Otsu threshold segmentation method, Iso Cluster 
Unsupervised Classification method and SVM Supervised Classification method 
for the extraction of the shoreline on linear and non-linear coastal surfaces (to-
pographic morphology). Secondly, the study focused on the kinematics of the 
shoreline from 1988 to 2018. 

2. Materials and Methods 
2.1. Study Area 

This study was conducted in the west of the Togolese coast, located in west part 
of the transboundary biosphere reserve of the Mono [18]. It is bounded between 
the latitudes 6˚5'55.045" and 6˚11'34.668" North and the longitudes 1˚11'33.347" 
and 1˚23'4.636" East (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 [19] [20]. Preci-
pitations in the area are very irregular, ranging from 1000 to 1400 mm/year. The 
mean temperature is generally high, about 27˚C. The geology of the coastal se-
dimentary basin consists of three main aquifer horizons, namely Upper Creta-
ceous, Paleocene and Continental Terminal aquifers [2]. The main economic ac-
tivities of residents are business and transport. 

2.2. Data Used  

The data used in this study was downloaded from  
Landsat (https://landsat.usgs.gov/) and Sentinel (https://sentinel.esa.int/) platforms.  
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Figure 1. Map of West Togolese Coast with sentinel-2 image data. 

 
The satellite images come from different sensors, including Thematic Mapper 
(TM), Enhanced Thematic Mapper Plus (ETM+) and Multi Spectral Instrument 
(MSI) respectively. TM, ETM+ and MSI measures the Earth’s reflected. The 
breakdown of images is as follows: TM image of 12 February 1988 at 09:34:08 
am, ETM+ image of 13 December 2000 at 09:59:54 am, MSI image of 04 January 
2018 at 11:18:13 am. The dates were chosen in the long dry season in order to 
use images that were sensed in similar conditions and similar time for a coherent 
data analysis. TM and ETM+ images were collected on 192/056 (Path/Row) with 
a spatial resolution of 30 m. MSI images were collected on T_31NCH Tile Number 
field. MSI images had a spatial resolution ranging from 10 to 60 m. Apart from 
differences in resolution between the three sensors; there are also differences in 
bands. In fact, TM consists of seven bands. ETM+ has a pan-chromatic band in 
addition to those of TM. MSI has 13 bands: the 10 m bands include three RGB 
bands and a near-infrared band, the 20 m bands include four narrow visible 
near-infrared (VNIR) bands and two wider shortwave-infrared bands, and the 
60 m bands are associated with cloud screening, atmospheric correction, and 
cirrus detection. Landsat TM and ETM+ consist of a thermal band, while Senti-
nel-2 MSI does not.  
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The national topographic data of 2013 provided by the Japanese International 
Cooperation Agency (JICA) at a scale of 1/50,000 (Sheet NB-31-XIV-1b Baguida; 
Sheet NB-31-XIV-1a Lome), aerial photograph acquired on January 2018 and 
the fields data had been used as reference data.  

2.3. Images Pre-Processing  

All the optical images were pre-processed using the ENVI software. Firstly, the 
images were geo-referenced using 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 radiometric correction, 
resampling and geometric correction operations. The radiometric correction op-
eration allowed to reduce the atmospheric effects: The at-sensor radiance (digital 
number, ND) values were converted to surface reflectance with the FLAASH 
model [21]. In order to unify the spatial resolution of Landsat and Sentinel-2A 
images, the Near Infrared (NIR) band and the Green band of TM/ETM+ and 
MSI images from 1988, 2000 and 2018 were resampled to 15 m by the nearest 
neighborhood resampling method. The geometric correction is to remove geo-
metric distortion. Image-to-image registration method in ENVI software was 
applied for the geometric correction of the Landsat and Sentinel-2A images. The 
Sentinel-2A MSI image from 2018 was used as the reference for the other im-
ages. 

Various water index methods to improve the discrimination of aquatic and 
terrestrial areas from satellite imagery have been developed: Normalized differ-
ence water index [22], modified normalized difference water index [21], etc. In 
this study, the spectral water index based on normalized difference water index 
commonly used, namely, NDWI is used because of its efficiency and conveni-
ence [21]. NDWI is computed according to the Equation (1) where NIR refers to 
the Near infrared band (for the MSI images, NIR corresponds to Band 8 while 
for TM and ETM+ images, NIR corresponds to Band 4). Green refers to the 
Green band (for the MSI images, Green corresponds to Band 3 while for TM 
images and ETM+, Green corresponds to Band 2). 

NDWI seeks to maximize reflectance of water using green wave-lengths, mi-
nimize the low reflectance of NIR by water features and 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 neg-
ative value. 

Green NIRNDWI
Green NIR

−
=

+
                      (1) 

2.4. Shoreline Extraction Methods 

The shoreline is the line of contact between land and a sea [3]. Various methods 
for shoreline extraction and change detection from satellite images have developed: 
Manual method, image enhancement, write function memory insertion, density 
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slice using single or multiple bands and multi-spectral classification, multi-date 
data classification and comparison of two independent land cover classifications, 
images digitization, both supervised and unsupervised are the most common change 
detection techniques [2] [3] [23] [24] [25]. In addition, several image-processing 
algorithms such as pre-segmentation, segmentation and post-segmentation have 
been used for automatic extraction of the shoreline from satellite images [26]. 

The NDWI indices of satellite images allow a discrimination of terrestrial and 
aquatic areas but the major scientific problem concerns the performance or pre-
cision of the different classification methods used for the extraction of the shore-
line from these water index. For that, this study explores the performances of 
three distinct methods commonly used in order to define the most suitable me-
thod for shoreline extraction on NDWI indices. The three methods are: Otsu 
threshold segmentation, Iso Cluster Unsupervised Classification and SVM su-
pervised Classification methods.  

The JICA data, aerial photograph acquired on January 2018 and the fields data 
had been used as reference data for validation and comparison of the result of 
three algorithms (methods).  

2.4.1. Otsu Threshold Segmentation Method 
Otsu’s method proposed by Otsu (1975) [27], is a dynamic method that has been 
successfully used to partition the input raster image into homogeneous land and 
water regions through minimizing the intra-class variance [28] [29] [30].  

The Otsu threshold segmentation method is powerful and provides dynamic 
and variational thresholds based on different regions in different sectors [31]. It 
still remains one of the most referenced thresholding methods [32] [33]. The 
thresholding method sets the threshold value automatically according to the lo-
cal characteristics to achieve a good separation between the land and sea water. 
It is based on discriminate analysis and uses the zeroth and the first-order cumula-
tive moments of the histogram for calculating the value of the thresholding level. 

2.4.2. Iso Cluster Unsupervised Classification Method 
The Iso Cluster Unsupervised Classification method has used to separate terre-
strial and aquatic environments. This method performs unsupervised classifica-
tion on a series of input raster bands and combines the functionalities of the Iso 
Cluster and Maximum Likelihood Classification tools. The Iso Cluster tool uses 
a modified iterative optimization clustering procedure, also known as the mi-
grating means technique. The algorithm separates all cells into the user-specified 
number of distinct unimodal groups in the multidimensional space of the input 
bands. This tool is most often used in preparation for unsupervised classification 
[34] [35]. The algorithm used by the Maximum Likelihood Classification tool is 
based on two principles: The cells in each class sample in the multidimensional 
space being normally distributed and Bayes’ theorem of decision-making. The 
tool considers both the variances and covariances of the class signatures when 
assigning each cell to one of the classes represented in the signature file. 
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2.4.3. The SVM Supervised Classification Method 
The SVM Supervised Classification method has been successfully used to sepa-
rate terrestrial and aquatic areas [2]. SVM is a supervised non-parametric statis-
tical learning technique. In general, it is based on the search for a hyperplane 
making it possible to separate observations while maximizing the margin (the 
distance from the point closest to the hyperplane) [36]. Vapnik (1982) developed 
the original formulation of the algorithm [37]. This algorithm has the ability to 
provide good classification results even when the number of training samples for 
region of interest (ROI) is low, which is a fairly recurrent constraint in applica-
tions of remote sensing. SVM also has the ability to minimize the risk of classifi-
cation error even without prior knowledge on data distribution. Its performance 
of separating pixel is often higher than other traditional classifiers such as the 
maximum likelihood algorithm [36]. 

2.5. Shoreline Kinematics 

In order to allow a better knowledge of the human habitats affected by coastal 
erosion phenomenon, the coast was subdivided into eight (8) rectangular sectors 
of about 3.25 × 3 km (Figure 2). Although these sectors do not represent any 
natural or administrative boundary, they serve for sensitization, communication 
and decision making in many coastal human habitats. Indeed, it easier to indi-
cate where changes occur so that action can be taken according to these sectors. 
 

 
Figure 2. Map of coast subdivided into eight equal sectors on sentinel-2 Satellite image. 
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Shoreline kinematics is evaluated by the dedicated Digital Shoreline Analysis 
System (DSAS) extension of ArcGIS [38]. DSAS extension requires the integra-
tion of shoreline shapefile within a geodatabase and the digitization of an im-
aginary baseline from which DSAS creates perpendicular transects to the lines to 
be compared. For this study, 590 transects were created. A conventional step of 
50 m measurements is used between 500 m long transects.  

The estimation of the rates of variation of the shoreline is performed by the 
linear regression (LRR) method. This method was used because of the mul-
ti-temporal image data. A LRR method of change statistic is determined by fit-
ting a least-squares regression line to all shoreline points for a particular tran-
sect. It allows highlighting the evolutionary trend over time [2] [38] [39] [40]. 

3. Results and Discussions 
3.1. Comparison of the Performance of the Three Methods on  

Linear Surfaces 

The performances of Otsu threshold segmentation method, Iso Cluster Unsu-
pervised Classification method and SVM Supervised Classification method for 
the extraction of the shoreline from the NDWI indices are shown in Figure 3. 
As shown on the NDWI indices of the MSI images, the three methods show 
good performance for the extraction of the shoreline (Figures 3(b)-(d)). On the 
other hand, the NDWI indices of the ETM + images, Otsu threshold segmenta-
tion shows better performances followed by SVM Supervised Classification and 
Iso Cluster Unsupervised Classification (Figures 3(f)-(h)). For the NDWI in-
dices of TM images, although Otsu threshold segmentation and SVM Supervised 
Classification show better performance, Iso Cluster Unsupervised Classification 
has a tendency which is substantially the same (Figure 3(j)-(l)). Some research 
using Otsu threshold segmentation and SVM Supervised Classification have also 
concluded that they are efficient [2] [21]. 
 

 
Figure 3. Overview of the performance of the three methods for shoreline extraction on 
linear coastal surface. 
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3.2. Comparison of the Performance of the Three Methods on  
Non-Linear Surfaces 

The performances of Otsu threshold segmentation, Iso Cluster Unsupervised 
Classification and SVM Supervised Classification methods for the extraction of 
the shoreline on non-linear surfaces from NDWI indices are represented in Fig-
ure 4. It can be observed on the NDWI indices of the MSI images, that SVM 
Supervised Classification (Figure 4(d)) and Iso Cluster Unsupervised Classifica-
tion (Figure 4(c)) show good performance compared to Otsu threshold seg-
mentation (Figure 4(b)). 

The same observations were experienced on the NDWI indices of the ETM + 
and TM images (Figures 4(f)-(h); Figures 4(j)-(l)). However, with regard to the 
comparison of SVM Supervised Classification and Iso Cluster Unsupervised 
Classification methods, the interpretation does not allow any conclusion. Addi-
tional statistical analyzes could help to judge the performance of these two algo-
rithms on non-linear surfaces. 

According Noumonvi et al. (2017) [41] SVM Supervised Classification is effi-
cient in classifying complex landscapes and producing good results. It also per-
forms better compared to many other satellite image classification methods. 
SVM Supervised Classification is a statistical learning classification technique. 
SVM Supervised Classification decisions focuses classification decisions on the 
boundary between classes and not on mean and variances of the classes. 

 

 
Figure 4. Overview of the performance of the three methods for shoreline extraction on 
non-linear coastal surface. 

3.3. Method Used for Shoreline Extraction  

In the extraction of the shoreline from the NDWI indices of the MSI images 
which have good spatial resolution (10 m), the three methods showed good re-
sults on the linear surfaces. On the other hand, on the low spatial resolution im-
ages (ETM + and TM), SVM Supervised Classification and Otsu threshold seg-
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mentation showed a good performance for the discrimination of terrestrial and 
aquatic surfaces compared to Iso Cluster Unsupervised Classification.  

On non-linear coastal surfaces, SVM Supervised Classification and Iso Cluster 
Unsupervised Classification showed good performance on the NDWI indices of 
MSI, ETM + and TM images compared to Otsu threshold segmentation. 

For this study, SVM Supervised Classification method is chosen because of its 
good performance on the NDWI indices of MSI, ETM + and TM images on li-
near and non-linear surfaces. This method also produced good result in other 
research [2] [11]. 

3.4. Kinematics of the Shoreline 

The analysis indicates that over time, the shoreline changed substantially by sec-
tor (Figure 5). These variations are expressed in the first place by erosion phe-
nomena. An in-depth analysis of the changes using the LRR method allowed to 
draw Table 1. A positive evolution rate means an accretion whereas a negative 
rate represents an erosion. It follows from Table 1 and Figure 5 that the shore-
line had generally experienced erosion with sector C and D had experiencing 
more accretion phenomena. The average erosion rate is ranging from 2.49 to 
5.07 m/year. The lowest rate is observed in sector A towards Kodjoviakopé local-
ity while the highest rate is observed in the sector H towards Kpogan locality.  

However, this regression observed on the Togolese shoreline is lower than the 
results of Blivi and Adjoussi (2004) [7], which showed a regression of the shore-
line ranging from 5 to 10 m/year. This discrepancy could be explained by the 
difference in the methodological approachs. In this study, the shoreline is ex-
tracted from satellite images (Landsat TM, ETM+ and Sentinel-2A MSI) by us-
ing SVM supervised classification method, and the kinematics are evaluated us-
ing the statistical LRR method. In a previous study Blivi and Adjoussi (2004) [7], 
using Landsat image analysis (MSS and TM), the methods of shoreline extrac-
tion and calculation of the kinematics were not clearly defined. 

Although the lowest erosion rate is observed in sector A, the erosion process is 
very advanced in this sector and the sea is near to asphalt road. Appropriate 
measures of adaptation must be taken in this sector to avoid the immersion of 
the road by sea. This will have negative consequences on human habitats. In-
deed, this road plays an important role in the transit of merchandises between 
Lome, the Togolese capital, and Ghana the neighboring country.  

 
Table 1. Evolution of the shoreline by the LRR method from 1988 to 2018. 

 Sector A Sector B Sector C Sector D Sector E Sector F Sector G Sector H 

Low value 
(meter/year) 

−3.88 −3.49 +1.66 +1.85 - −4.16 −6.64 −5.46 −6.35 

High value 
(meter/year) 

−1.1 −1.01 +2.83 +2.18 - −1.84 −1.66 −2.8 −3.78 

Average 
(meter/year) 

−2.49 −2.25 +2.25 +2.06 - −3.00 −4.15 −4.13 −5.07 

https://doi.org/10.4236/ars.2020.92005


Y. Konko et al. 
 

 

DOI: 10.4236/ars.2020.92005 95 Advances in Remote Sensing 
 

 
Figure 5. Map of shoreline changes with LRR method over the period 1988-2018.  

 
The average high erosion rate observed in sector H (5.07 m/year) is similar to 

the erosion rate provided by Konko et al. (2018) [2] in the neighbor area. These 
authors used the same method (SVM) for the extraction of the shoreline and 
found an average erosion rate of 5.20 m/year. 

The sectors E, F and G show an average erosion rate of 3.00 m/year, 4.15 
m/year and 4.13 m/year respectively. The sector B presents a special case. It 
records both erosion and accretion phenomena. The area photograph of the 
coast in this sector is presented in Figure 6. In this aerial photograph, the sea is 
very close to the asphalt road where there is erosion in sector B. 

The sector D seem to record accretion phenomena. The sector D is a port 
area. The changes in the shoreline observed in sector D could therefore be linked 
to the installation of development infrastructures. 

4. Conclusions 

This study focused on coastal erosion monitoring in Togo from 1988 to 2018. 
Based on spatial remote sensing approach, this study firstly assesses the perfor-
mance of Otsu threshold segmentation method, Iso Cluster Unsupervised Clas-
sification method and SVM Supervised Classification method for the extraction 
of the shoreline from the NDWI indices on linear and non-linear coastal surfac-
es. Secondly, this study focused on the kinematics of the shoreline. 

The results reveal that the SVM Supervised Classification method showed good 
performance on linear and non-linear coastal surface than the other methods.  
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Figure 6. Aerial photograph acquired on January 2018 of the sectors A and B. (The ero-
sion is very advanced and the sea is very close to the asphalt road in Sector A. For sector B, 
the erosion part is coloured in red). 
 
For the kinematics of the shoreline, the southwest of the Togolese coast has an 
average erosion rate ranging from 2.49 to 5.07 m/year. The lowest rate is ob-
served at Sector A towards Kodjoviakopé locality in Lomé city while the highest 
rate is observed at Sector H towards Kpogan locality. Although the lowest ero-
sion rate is observed in sector A, the erosion process is very advanced in this 
sector and the sea is near to the asphalt road. Appropriate measures of adapta-
tions must be taken in this sector in particular and on the whole of the Togolese 
coast to avoid the immersion of the asphalt road by sea, displacement of popula-
tions and disturbance of human habitat. 
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