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Abstract: In many developing countries, some natural areas are faced with gaps in appropriate map coverage mainly on 

land use and land cover (LULC) changes. This situation makes it difficult to plan and implement natural environmental 

protection and natural resource management programs. Remote sensing and geographic information systems (GIS) are 

excellent tools for mapping LULC changes. This study investigated LULC changes in ‘Somone’ coastal lagoon in Senegal 

using multisource remote sensed data. Data sets included aerial photographs recorded in March 1954, and February 1978, as 

well as satellite images recorded in February 2003 and April 2016. All images were geometrically corrected and segmented. 

Photos and/or images interpretations were made with the aid of computer and post-classification change detection technique 

was applied to classify multisource data and to map changes. Stratified sampling was used to assess all classification results. 

The accuracies of image classifications averaged 65% (1954), 62% (1978), 79% (2003) and 88% (2016). The post-

classification analysis resulted in the largest overall accuracy of 66, 72.7, 72.4 and 80.6% for the 1954–1978, 1978-2003 

and 2003–2016 image pairs, respectively. Results indicated an increase in Settlements, from 0.29% in 1954 to 9.21% in 

2016, the expansion of the Sabkha, from 5.29% in 1954 to 18.48% in 2016. The mangrove forest has experimented a 

reduction between 1954 and 1978 (from 4.07% to 0.56%) and a regeneration (linked to the protection and preservation 

policies within the protected area) from the year 2003 to 2016 (from 1.44% to 2.65%). However, the forest areas were 

greatly reduced (from 51.06% in 1954 to 10.86% in 2016) and replaced by Settlements (urbanization) as well as Croplands. 

Keywords: Multi-source Data, Remote Sensing, LULC Changes, Visual Interpretation Assisted by Computer,  

Somone Coastal Lagoon, Senegal 

 

1. Introduction 

Remote sensing is an invaluable working tool for 

environmental development and monitoring [1-7]. Among 

the most common applications of remote sensing data are the 

production of thematic maps and change detection because of 

repetitive coverage at short intervals and consistent image 

quality [8-12]. In the last few decades, remote sensing data 

has widely being used to detect and monitor environmental 

changes [11, 13-15]. Change detection is the process of 

identifying differences in the state of an object or 

phenomenon by observing it at different times [12]. Timely 

and accurate change detection of Earth surface features 

provides the foundation for greater understanding of the 

relationships and interactions between human and natural 
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phenomena [16]. 

Land Use refers to human purpose or intent applied to 

these attributes. It includes cultivation in various forms, 

livestock grazing, settlement and construction, reserves and 

protected lands, and timber extraction [17, 18]. “Land cover” 

on the other hand is defined as the biological and the physical 

characteristics/attributes of the land surface, which includes 

both natural and human made materials such as trees, 

buildings, grass, water, asphalt and any other objects that 

cover the surface of the earth [19]. 

Land cover changes stemming from human land uses 

constitutes a major source and a fundamental element of 

global environmental change [18]. LULC changes seriously 

affect the environment and its processes [20]. This 

information is critical for the management of natural 

resources, the conservation of ecosystems and biodiversity as 

well as decision support for sustainable development [21]. 

The availability of remote sensing data with improved 

spatial, spectral and temporal resolutions should be fully 

exploited for a specific application subject to the relative 

advantages and the limitations of each sensor's data [22]. 

Change detection often involves comparing aerial 

photographs or satellite imagery, or both at different times 

[23]. In recent decades, integration of multisource data (e.g. 

aerial and satellites photographs, TM, SPOT and previous 

thematic maps) became an important tool for land-use and 

land-cover change detection, especially when the change 

detection involved long period intervals associated with 

different data sources, formats and accuracies or multi-scale 

land-cover change analysis [17, 24-37]. In fact, multisource 

approach becomes increasingly important with the 

availability of a variety of satellite imagery [37]. Globally, 

application of remote sensing technology for monitoring and 

evaluating coastline resources monitoring and evaluation has 

been practiced for about three decades is well-recognized 

[38-41]. Coastal lagoons are prominent features along many 

of the worlds sandy coasts and some type of lagoon systems 

compose a substantial extent of the world’s coastlines [42]. 

These ecosystems are included in areas exposed to several 

LULC changes, which affect its functioning and its 

biodiversity [19]. 

The use of multisource remote sensing data for coastal 

resources management is very limited in Senegal, even 

though they are being whereas they are undergoing a very 

highly degradation degraded due because of to anthropogenic 

actions and climate change. The consequences of this 

degradation result include but not limited to loss biodiversity, 

destruction of natural habitats. [43]. This was partly due to 

the lack of understanding of LULC dynamics, in Senegal's 

coastal lagoons, specifically in Somone protected lagoon on 

the western coast of Senegal. But according to the [44], 

nowadays, it is becoming increasingly important to know 

how LULC has changed over the time, in order to assess 

changes and their impacts on ecosystems’ habitats and 

communities’ lives. The cartographic gaps observed in 

Somone Nature Reserve constrain sustainable management 

programs. The few cartographic works on LULC changes, at 

the scale of Somone lagoon found in the literature does not 

provide any information, among other things, on the quality 

of data sets used, the period of data acquisition, the source of 

the ground control points (GCPs) and the geometric accuracy 

of images after their correction, the classification technique 

used and the reason on the choice of Region of Interest 

(ROI), on classification validation protocol and the accuracy 

of change images. These are the basic questions to be 

answered in order to achieve a dynamic mapping of LULC. 

Indeed, Senegal possesses a multisource remote sensing 

data-collection archive, that is more than half a century old. 

The first aerial photographs shot of Senegal dates back in 

1940s with the United States Geological Survey (USGS) 

mission of April the 4
th

 1942. Then, there are the aerial 

missions of the National Institute of Forestry and 

Geographical Information (IGN) carried out in 1954, 1966, 

1978 and 1997. Additionally, the coverage area of the coastal 

strip of Senegal in March 1989 by the Japan International 

Cooperation Agency (JICA). There are also satellite 

photographs of Corona program, which was once a military 

operation and became secret until 1992, and then declassified 

on February the 22
nd

, 1995 [45]. According to [31], the 

photographs offer an opportunity to look back in time and 

extract information at a level of detail unmatched by even 

present-day, civilian satellite remote sensing imagery. The 

launch of the first Landsat satellite (named the ‘‘Earth 

Resource Technology Satellite’’, ERTS-1) in 1972 opened an 

era of monitoring Earth’s terrestrial surface by space-borne, 

remotely sensed imagery [45]. This is Landsat program with 

the Multi-Spectral Scanner System (MSS) and Return Beam 

Vidicom (RBV). Over the years, three other generations of 

Landsat sensors have been developed, Thematic Mapper 

(TM), Enhanced Thematic Mapper (ETM+) and Operational 

Land Imaging/Thermal Infrared (OLI/TIRS). Subsequent 

development in the sensor technology provided improved 

spatial, spectral, radiometric and temporal resolution to the 

user community that has helped in deriving timely and 

improved information on natural resources degradation [46]. 

From the 2000s, there has been emergence of new satellite 

sensors that provide high and very high spatial and spectral 

resolutions: SPOT, Kosmos, Ikonos, Alos, QuickBird and 

Orbview [47]. However, data access collected by satellites, 

particularly high-resolution data, is still difficult due to 

prohibitive costs and other restrictions [7]. This situation 

constrains research objectives especially in developing 

countries. Nevertheless, in Senegal, the Direction of 

Geographic and Cartography (DTGC) and the Ecologic 

Monitoring Centre (CSE) often provide remote sensing data 

to researcher in relation with their study areas. For 

researchers, the use of data providing by national institution 

such DTGC and CSE, specializing in geospatial technologies 

largely ensures (i) the source of the data, (ii) their 

characteristics, (iii) their quality, and (iv) guaranteed their 

Rights-of-Use for scientific purposes. 

In this study the images have been chosen based on their 

availability, their date of acquisition, their spatial resolution 

(quality), their right-of-use, the socio-economic and the 
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environmental context. Based on these criteria, four different 

image sources have been selected: two aerial photographs 

and two satellite images. This study aims therefore at 

evaluating the potential of multisource remote sensing data 

for mapping LULC changes in Somone coastal lagoon from 

1950s to 2000s. In this context, the main problem to be 

solved is related to the accuracy assessment of ancient 

classification maps, due to the low mapping coverage. It was 

important to consider the accuracy of classifications in all 

studies of change detection, because it has an impact on 

change results. Overall, the results obtained in this study are 

very significant and allowed production and analysis of 

LULCCs. 

The following section provides a brief description of the 

study areas and datasets, then a detailed description of the 

methodological approach and results. Finally, a discussion of 

methodology and results, and a conclusion are presented in 

the last section. 

Study area 

Somone coastal lagoon is geographically located between 

latitude 14°23'27"N and longitude 16°57'17"W [48], 77km 

south of Dakar in Senegal. It is bounded to the west by the 

Atlantic Ocean, to the north by the cliffs of Thiès, to the east 

and south by Nguékhokh plain. It is part of the RNICS 

(Somone Natural Reserve of Communal Interest) of about 

7km
2
 (700ha), established in 1999. The RNICS encompasses 

three rural settlements: Guereo, Thiafoura and Sorokhassap 

(Sindia) and the commune of Somone, all located in the 

region of Thies. Until its creation in 2008, Somone was part 

of Sindia commune. Its vegetation is mainly mangrove, 

which dominates the lagoon area. The climate is tropical 

Sahelo-Sudanian, characterized by two contrasting annual 

seasons: a long dry, extremely hot season from November to 

May and a warm and short humid rainy season from June to 

October. Total annual rainfall is estimated at 760mm at the 

Mbour station. Maximum monthly precipitation of 400mm is 

recorded in August. Monthly average temperature is 

27.31°C. The highest temperature of 36.5°C was recorded in 

April and lowest temperature of 15°C is recorded either in 

December, January or February. The dry season is 

characterised by the predominance of the trade wind, with a 

high relative humidity of 60%. The rainy season is dominated 

by south-west monsoon that flows from the St. Helena high. 

Air humidity is high with a maximum of 96% in August and 

September [49]. 

 

Figure 1. Situation of the study area. 
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The data set used for this present study included two aerial 

photographs, recorded in January 1954 and February 1978. 

The source of these data is National Geographic Institute (IGN) 

and were acquired from the Geographic and Cartographic 

Direction s. In addition, there were two satellite images, 

QuickBird and GeoEye recorded respectively in 2003 and 

2016. The image’ characteristics are given in table 1. 

Table 1. Data sources and their characteristics. 

Data type Date Bands Acquisition source 

Aerial photos 1954 Panchromatic DTGC 

Aerial photos 1978 Panchromatic DTGC 

Quickbird 2003 1, 2, 3 & 4 DTGC 

Geoeye 2016 1, 2 & 3 Google earth 

2. Materials and Methods 

Several methods have been applied in this study namely: 

data pre-processing, segmentation, classification and 

accuracy assessment, changes detection, no change/change 

accuracy assessment, and analysis of results (Figure 1). 

2.1. Image Pre-processing 

In order to avoid false inferences, the images obtained 

were geometrically corrected and geocoded [50, 51] to the 

Universal Transverse Mercator (UTM) coordinate system 

through a reference image. Geometric correction of the 

imagery was performed by rectifying all images to 2016 base 

imagery (GeoEye), which had been rectified previously to 

~0.4 pixel by ~20 ground control points (GCPs) obtained 

with GPS from the first fieldwork mission. Images were 

linearly transformed, and a nearest-neighbour resampling 

algorithm was used to avoid modification of radiometric 

values. The root means square (RMS) error values associated 

with each registration were less than 0.5 pixel indicating that 

the image was accurate within one pixel. 

 

Figure 2. General framework of the study. 

2.2. Image Classification 

There are two basic methods for the extraction of LCLU 

information from satellite based remotely sensed data [52]. 

Those are visual interpretations of the images from a 

computer screen and computer-based processing using the 
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actual digital numbers collected by the satellite sensor and 

appropriate image analysis software [53, 54]. The approach 

of choice depends on the purpose, nature and characteristics 

of the data, the data quality, the size of the study area and the 

time required to return the mapping information [55]. In this 

study, visual interpretation assisted by computer method, was 

chosen, because of the heterogeneity of data sources, the 

spatial and spectral resolutions, the quality defects noted 

mainly in aerial photography and the small size of the study 

area. 

In addition, visual interpretation is still one of the most 

widely used methods for detecting, identifying and 

characterizing the land features on an image since human 

brain is a good interpreter of images [56]. Some classes were 

spectrally confused and could not be separated well, using 

supervised classification. Therefore, visual interpretation was 

required to separate classes [57]. The interpretation of 

satellite imagery and aerial photographs involves the analysis 

of various basic parameters of an object with reference to 

spectral bands, which is useful in visual analysis. The basic 

elements included shape, size, pattern, tone, texture, 

shadows, location, association and resolution [58]. Advances 

in computer, GIS and remote sensing technology offer new 

possibilities for managing, editing and generating raster and 

vector data, facilitating the visual interpretation methods 

[59]. To facilitate the images classification by computer-

assisted visual interpretation, the images are first segmented 

into homogeneous regions. Image segmentation is based on 

the radiometric (for aerial photographs in panchromatic 

mode) or spectral (for multispectral images), geometric and 

similar textural properties of pixels, to merge them into 

homogeneous object classes, using a bottom-up growth 

technique for regions [60, 61]. The results of the 

segmentation were converted into shapefiles prior to visual 

interpretation. The shapefiles were manually merged 

according to the classes identified in order to obtain 

information on the land use land cover in Somone coastal 

lagoon. 

Table 2. Description of the informative classes adopted for land use/cover maps. 

LCLU class Description 

Cropland This class is applicable to cultivable land and cultivated land, and also to agroforestry areas. 

Tidal areas Areas regularly flooded during high tide or during rainy season. 

Lagoon 

Coastal lagoons are inland water bodies, found on all continents, usually oriented parallel to the coast, separated from the ocean by 

a barrier, connected to the ocean by one or more restricted inlets which remain open at least intermittently, and have water depths 

which seldom exceed a few meters. 

Mangrove 
Mangrove, shrubs and trees mainly belonging to the families Rhizophoraceae, Acanthaceae, Lythraceae, Combretaceae and 

Arecaceae; grow in thickets or dense forests along tidal estuaries, salt marshes and muddy coasts. 

Sabkha Sabkha is an Arabic name for a salt-flat ordinarily found nearby sand dunes. land saline areas devoid of vegetation 

Somone river Water body which extends about ten (10) km between the bridge on the national road and the lagoon. 

Vegetated sabkha 
Saline area where can growth species namely: Sesuvium portulacastrum, Philoxerus vermicularis, Paspalum vaginatum, 

Heleocharis mutata, Heleocharis Salinis, Scirpus maritimus, Sporobolus robustus, Salmonella, Phytophthora. 

Bare Soil 
Land areas of exposed soil surface as influenced by human impacts and/or natural causes. It contains sparse vegetation with very 

low plant cover value as a result of overgrazing, woodcutting, etc. 

Forest area Forest area is considered in this study as natural vegetation such as woody and herbaceous species. 

Settlements Include habitats, hostels, residences that are built in the lagoon’s surroundings 

Beach The areas of sand, shingle and larger stones. 

 

2.3. Accuracy Assessment of Classification Results 

Accuracy assessment is very important for determining the 

quality and reliability of results and the uncertainty 

information derived from remotely sensed data [62]. It is the 

procedure used to compare the classification results to the 

geographical reference data that are assumed to be corrected 

[16, 63]. It is necessary to pay attention to the classification 

in the land use monitoring, studies using the post-

classification comparison method, where the classification 

error will affect the accuracy of the change detection results 

[64]. Field data, high resolution images or existing maps are 

commonly used to assess the quality of the classification 

results produced from any imagery source [63, 65], to 

generate an error matrix and accuracy measures for each 

land-use/land-cover map [66]. To assess the accuracy of the 

recent classification, field truth points were collected in the 

study area following two field missions organized in January 

and November 2016, using a handheld Garmin Global 

Positioning System. Reference points were collected, based 

on stratified random sampling. A total of 300 Ground truth 

points was selected, with 30 points from each class. Data 

reference were compared with the classified map of 2014. To 

evaluate the user’s and the producer’s accuracy, an error 

matrix was applied, to compare the relationship between the 

classified map and the reference data [67]. The overall 

accuracy (Equation 1) and the Kappa coefficient (Equation 2) 

were used for accuracy assessment and they are calculated 

following the formulas: 

� = 	
�

�
∑ ���
�
�	�                                       (1) 

Where n is the total number of pixels included in the 

matrix. 
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                            (2) 

Where r is the number of rows in the matrix, xii is the 

number of observations in row i and column i (i.e., diagonal 

element, xi+ and x+i are the marginal totals of rows i and 

column i, respectively, and N is the total number of sites of 

the matrix [66]. According to [68] Kappa coefficient varies 
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between 0 to 1. 

Due to the lack of appropriate map data available in the 

study area, an intermediate solution which is the manual 

selection by neutral experts of reference data collected 

directly on the different satellite images and aerial photos, 

was used. 

Therefore, based on the stratified sampling, experts 

randomly selected 300 points (30 points from each class) 

to evaluate the precision of the 1954, 1978, 1990 and 2003 

classification images. The confrontation of reference 

points, using equations 1 and 2, allowed the realization of 

confusion matrices. The overall accuracy of a 

classification was then expressed as the sum of the points 

whose land use is correct divided by the total number of 

points [69]. It corresponds to the ratio between the number 

of individuals (or pixels) ranked well, the total number of 

individuals. 

2.4. Land Use Land Cover Change Detection 

Using remote sensing techniques, LULC changes are 

mapped by detecting the differences in the satellite’s images of 

different periods with appropriate change detection methods 

[9-11, 13, 16]. The overview and the repeatability satellite 

remote sensing can provide timely, accurate and consistent 

information about earth’s surface for cost- and time-efficient 

monitoring for environmental changes [70-72]. This 

information is critical to the management of natural resources, 

the conservation of ecosystems and biodiversity as well as 

decision support for sustainable development [21]. In the last 

four decades, the development of change detection techniques 

has made considerable progresses, as shown in previous 

literature reviews [12]. The type of method used to determine 

land use land cover changes may have important effects on 

qualitative and quantitative results [65]. Among the existing 

methods, the post-classification comparison approach has been 

used. This direct approach is not very sensitive to the 

difference in the dates acquisition of images, the poor quality 

of the geometric corrections and the quality of the change 

pixels [71]. This method has been considered as the most 

appropriate method for this study. It therefore consisted of the 

classification of each image in the multitemporal dataset 

independently, using the same classification scheme. The 

detailed from-to change information can be then extracted by 

comparing the classified images on a pixel-by pixel basis [14]. 

One of the main advantages of this approach is that it generates 

a transition matrix. This is the only method in which “from” 

and “to” classes can be calculated for each changed feature of 

the study area. The main advantage of this method is to easily 

create and update GIS databases, as quantitative values of 

class/categories are given and manage [68]. The classification 

results were compared to generate a change matrix and 

measure changes in land use land cover changes. This matrix 

provides essential information about the nature and spatial 

distribution of changes [69]. Then, the change in LULC was 

analysed to underline gains and losses [70], for the four time 

periods. 

2.5. Accuracy Assessment of Change Results 

In order to assess change results, a quantitative method 

was applied. This approach is proposed by [71], based on the 

modification of error matrix for the classification of a single 

date. The single classification error matrices, 

unchanged/changed matrices present the classes identified by 

Remote Sensing on one axis and on the other axis their 

correspondence in the field (omission and commission error); 

while the diagonal matrices indicate a correct classification 

[72]. The change detection error matrices were simplified by 

collapsing into unchanged/changed error matrices: the upper 

left returns areas that have stay the same in the classification 

or reference data; the upper right box indicates areas, where 

classification has not detected a change and the reference 

data considered have been modified. This information is 

useful to guide the problems analysis in the classification 

from the change detection error matrix and the error matrix 

without change of change. The user can determine whether 

poor accuracy is due to poor change detection technique, 

poor classification, or both [73]. Therefore, if the accuracy in 

the unchanged/changed matrix increases significantly over 

the full change-detection error matrix, the general change is 

being detected but not the within exact classes. If the two 

matrices produce similar accuracies, the general changes are 

not being detected [74]. To generate the error matrix, the 

same points used to validate the classification have been 

applied. Overall accuracy and Kappa index are calculated 

using equation 1 and 2 for the periods 1954-1978, 1978-2003 

and 2003-2016. 

3. Results 

LULC classification and their changes were analysed in 

Somone coastal lagoon for the years 1954, 1978, 2003 and 

2016, using multisource remote sensing data, 

3.1. Land Use and Land Cover Classification 

The classification was proceeded using the visual 

interpretation assisted by computer approach. The eleven 

identified classes were crop land, tidal areas, lagoon, 

mangrove, forest area, sabkha, Somone river, vegetated 

sabkha, bare soil, settlements and beach. The classification 

results were validated by the ground truth data collected, 

during a field mission, basing on participatory mapping. 

Images were checked using a stratified random sampling 

method including a minimum of 300 points, with at least 30 

points for each class. Error matrices were constructed, in this 

fact, to compare the class identified for each reference data 

randomly selected with the class assigned to these reference 

data. An error matrix is a very effective way to represent map 

accuracy, because the individual accuracy of each category is 

widely described with the errors of both inclusion 

(commission errors) and exclusion (omission errors) within 

the classification [68]. Overall, user’s and producer’s 

accuracies and kappa coefficient were derived from the error 

matrices (Tables 3-6). 
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Table 3. Classification accuracy results for 1954 photographer data derived map. 

Classified 

data 

Reference data Producers 

Accuracy (%) 

User’s 

accuracy (%) 1 2 3 4 5 6 7 8 9 10 

1 70 17.50 0 5.41 18.92 0 11.11 10.53 10 10.34 70.20 41.18 

2 16.67 57.50 0 0 0 6.06 8.33 7.89 6.67 6.90 57.50 57.50 

3 0 0 62.50 5.41 0 0 0 0 0 0 62.50 90.91 

4 0 2.50 15.63 70.27 8.11 0 0 0 6.67 0 70.27 70.27 

5 0 7.50 15.63 8.11 64.86 0 0 0 0 0 64.86 68.57 

6 3.33 0 0 0 0 72.73 5.56 7.89 0 0 72.73 80.15 

7 0 0 0 0 0 12.12 72.22 7.89 0 0 72.22 78.79 

8 3.33 5.00 0 0 0 0 2.78 65.79 3.33 10.34 65.79 75.76 

9 6.67 10 6.25 10.81 8.11 9.09 0 0 73.33 0 73.33 55.00 

10 0 0 0 0 0 0 0 0 0 72.41 72.41 100.00 

The estimated value of Kappa is 0.64. Percentage accuracy is 67.83 per cent. 

1—Crop land; 2—Tidal areas; 3—Lagoon; 4—Mangrove; 5—Sabkha; 6—Somone river; 7—Vegetated sabkha; 8—Forest areas; 9—Settlements; 10—Beach. 

Table 4. Classification accuracy results for 1978 photographer data derived map. 

Classified 

data 

Reference data Producers 

Accuracy (%) 

User’s 

accuracy (%) 1 2 3 4 5 6 7 8 9 10 

1 73.33 3.23 0 0 10 8.33 9.09 5.41 3.23 10.34 73.33 57.89 

2 13.33 74.19 0 0 6.67 8.33 6.06 2.70 0 6.90 74.19 62.16 

3 0 0 70.59 0 0 0 0 0 0 0 70.59 100.00 

4 3.33 0 8.82 67.57 6.67 0 0 0 0 0 67.57 80.65 

5 3.33 9.68 5.88 8.11 73.33 8.33 3.03 2.70 3.23 0 73.33 59.46 

6 0 0 5.88 8.11 0 75.00 3.03 0 0 0 75.00 81.82 

7 6.67 6.45 8.82 10.81 0 0 72.73 13.51 19.35 0 72.73 52.17 

8 0 0 0 0 0 0 0 75.68 0 0 75.68 100.00 

9 0 6.45 0 5.41 3.33 0 6.06 0 70.97 10.34 70.97 68.75 

10 0 0 0 0 0 0 0 0 3.23 72.41 72.41 95.45 

The estimated value of Kappa is 0.69. Percentage accuracy is 72.56 per cent. 

1—Crop land; 2—Tidal areas; 3—Lagoon; 4—Mangrove; 5—Sabkha; 6—Somone river; 7—Vegetated sabkha; 8—Forest areas; 9—Settlements; 10—Beach. 

Table 5. Classification accuracy results for 2003 satellite image derived map. 

Classified 

data 

Reference data Producers 

Accuracy (%) 

User’s 

accuracy (%) 1 2 3 4 5 6 7 8 9 10 11 

1 81.58 5.71 0 5.56 9.38 0 5.71 6.45 10.53 0 7.14 81.58 64.58 

2 7.89 80 2.94 0 6.25 0 0 9.68 0 0 0 80.00 75.68 

3 0 0 85.29 0 0 5.71 0 0 0 0 0 85.29 93.55 

4 0 0 0 86.11 0 2.86 0 0 5.26 0 0 86.11 91.18 

5 2.63 11.43 2.94 5.56 84.38 2.86 5.71 6.45 0 0 7.14 84.38 64.29 

6 0 0 8.82 0 0 85.71 0 0 0 0 3.57 85.71 88.24 

7 0 0 0 2.78 0 0 82.86 0 5.26 8.33 0 82.86 82.86 

8 7.89 2.86 0 0 0 2.86 5.71 77.42 0 0 0 77.42 77.42 

9 0 0 0 0 0 0 0 0 78.95 0 0 78.95 100.00 

10 0 0 0 0 0 0 0 0 0 91.67 3.57 91.67 97.06 

11 0 0 0 0 0 0 0 0 0 0 78.57 78.57 100.00 

The estimated value of Kappa is 0.81. Percentage accuracy is 83.07 per cent. 

1—Crop land; 2—Tidal areas; 3—Lagoon; 4—Mangrove; 5—Sabkha; 6—Somone river; 7—Vegetated sabkha; 8—Bare land; 9—Forest areas; 10—

Settlements; 11—Beach. 

Table 6. Classification accuracy results for 2016 satellite image derived map. 

Classified 

data 

Reference data Producers 

Accuracy (%) 

User’s 

accuracy (%) 1 2 3 4 5 6 7 8 9 10 11 

1 91.18 9.09 0 0 3.33 0 0 2.78 5.26 0 6.45 91.18 77.50 

2 2.94 87.88 0 0 3.33 0 0 5.56 0 0 0 87.88 87.88 

3 0 0 97.06 0 0 3.23 0 0 0 0 0 97.06 97.06 

4 0 0 0 94.44 0 0 0 0 0 0 0 94.44 100.00 
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Classified 

data 

Reference data Producers 

Accuracy (%) 

User’s 

accuracy (%) 1 2 3 4 5 6 7 8 9 10 11 

5 0 3.03 0 2.78 93.33 0 3.03 0 0 0 0 93.33 90.32 

6 0 0 2.94 0 0 93.55 0 0 0 0 0 93.55 96.67 

7 0 0 0 2.78 0 0 96.97 0 5.26 0 0 96.97 91.43 

8 5.88 0 0 0 0 3.23 0 91.67 0 0 0 91.67 91.67 

9 0 0 0 0 0 0 0 0 89.47 0 0 89.47 100.00 

10 0 0 0 0 0 0 0 0 0 100 3.23 100.00 96.77 

11 0 0 0 0 0 0 0 0 0 0 90.32 90.32 100.00 

The estimated value of Kappa is 0.92. Percentage accuracy is 93.15 per cent. 

1—Crop land; 2—Tidal areas; 3—Lagoon; 4—Mangrove; 5—Sabkha; 6—Somone river; 7—Vegetated sabkha; 8—Bare soil; 9—Forest areas; 10—

Settlements; 11—Beach. 

Image accuracy tended to improve as the image date 

becomes more recent [75]. This is due to the improvement in 

processes for acquiring aerial photographs and satellite 

images, as well the methods for extracting information from 

remote sensing data. In addition, there are the conservation 

defects most often noted with aerial photographs, which 

usually lead to the alteration of the radiometric value of 

photographs. The overall accuracy of multisource 

classification of this study was 67.83% for 1954, 72.56% for 

1978, 83.07% for 2003 and 93.15% for 2016. The Kappa 

coefficient of multisource classification was 0.64 for 1954, 

0.69 for 1978, 0.81 for 2003 and 0.92 for 2016 (Tables 3-6). 

The user's and producer's accuracies of individual classes 

constantly vary within the year and according to the type of 

image. In 1954, the tidal areas class had the lowest 

producer’s accuracy (i.e. 57.50%), because some tidal class 

in the study area was misclassified as crop land. In 1978, 

vegetated sabkha map was the least accurate (i.e. 52.17%) 

among the ten covers (Table 4). Among the reference data 

associated to vegetated sabkha class, 19.35% represent 

settlements, 13% forest area, 10.81% mangrove, 8.82% 

lagoon and ~6.50%, both crop land and tidal area. These 

errors are mainly attributed to the radiometry often close to 

the aerial photographs. Consequently, it was difficult to 

distinguish them accurately. In 2003, the bare soil class had 

the lowest producer’s accuracy (i.e. 77.42%) (Table 5). Some 

of this class was misclassified as crop land, tidal area and 

sabkha. These errors could be related to the difficulties of 

visually separating these classes during the dry season when 

the shooting was done. Finally, in 2016, tidal area is mapped 

with an accuracy of 87.88%, the second lowest among the 

eleven classes of LULC and 1.59% lower than of forest area 

(Table 6). Generally, the lagoon, settlements and the large 

area such as cropland and mangrove etc.), have a better 

Producers Accuracy and User’s accuracy. The classification 

results have attar Kappa for all processed data [76]. Figure 2 

shows the classification results of multisource data for 1954, 

1978, 2003 and 2016. The aerial photographer of March 

1954 shows the percentage area for crop land, 31.61%, tidal 

area, 1.78%, lagoon, 3.67%, mangrove, 4.07%, sabkha, 

5.29%, Somone river, 0.38%, settlements, 0.29% and beach 

1.85%. 

 

Figure 3. Land use and land cover classification map of the Somone coastal lagoon during the years 1954; 1978; 2003 and 2016. 
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3.2. Land Use and Land Cover Change 

This study aimed at estimating and assess the amount of 

changes in LULC in Somone coastal lagoons. Therefore, 

based on the results of multisource classification, post-

classification comparison change detection was calculated 

to determine changes types during the 63-year period. Post-

classification comparison approach was assessed using a 

minimum of 300 ground truth points during the time 

periods 1954–1978, 1978–2003 and 2003–2016. Change 

detection error matrix [77] was selected to evaluate change 

results. The change detection error matrices were simplified 

by collapsing into non-change/change error matrices: the 

upper left area returns areas that have not changed in the 

classification or reference data; the upper right box 

indicates areas where classification has not detected a 

change and the reference data considered have been 

modified. Average accuracy from the change of all 

predefined classes were used and classes were merged as 

‘unchanged’ and ‘changed’ super-classes. Overall accuracy 

can be calculated by adding the true change (change/change) 

and true no-change (unchanged/unchanged) percentage [78] 

in table 7. Broadly, the change matrices showed a good 

performance resulting to the comparison of change results 

with reference data. Overall, an accuracy of 66% for 1954-

1978 LULC change detection, 72.7% for 1978-2003 and 

80.6% for 2003-2016 were observed. 

Table 7. No-change/change error matrices between 1954-1978, 1978-2003 and 2003-2016. 

 
1954-1978 1978-2003 2003-2016 

 
NC C Total 

 
NC C Total 

 
NC C Total 

NC 56,33 22 78,33 NC 67,58 16,97 84,55 NC 74,85 12,42 87,27 

C 12 9,67 21,67 C 10,30 5,15 15,45 C 6,97 5,76 12,73 

Total 68,33 31,67 100 Total 77,88 22,12 100 Total 81,82 18,18 100 

Overall accuracy 66% Overall accuracy 72.7% Overall accuracy 80.6% 

NC = No-change (%); C = Change (%). 

The individual classes for multisource classification results 

are summarized in Table 8, and the change statistics between 

1954 to 2016 are shown in figure 3. Forest area was the main 

land cover in 1954 with 51.06% of study area, followed by 

crop land (31.61%), Sabkha (5.29%), mangrove (4.07) 

lagoon (3.67%), tidal areas and settlements with an area close 

to 2% and the other classes less than 1%. The forest area 

decreased from 51.06% (22.53km²) in 1954 to 10.86% 

(4.78km²) in 2016. Crop land increased from 31.61% 

(13.95km²) in 1954 to 54.95% (24.75 km²) in 2003 and 

decreased to 35.16% (15.47 km²) in 2016. The sabkha has 

increased from 5.29% (2.33km²) in 1954 to 18.48% 

(8.13km²) in 2016. Mangrove forest decreased from 4.07% 

(1.79km²) in 1954 to 0.56% (0.25km²) in 1978, then it has 

increased to 1.44% (0.65km²) in 2003 and 2.65% (1.17km²) 

in 2016. Between 1954 and 2016, the Somone lagoon 

increased from 3.67% (1.62km²) to 4.63% (2.04km²). Tidal 

areas and settlements progressively increased from 1.78% 

and 0.29% in 1954 to 1.16% and 9.21% in 2016, 

respectively. The vegetated sabkha increased from 0.81% 

(0.36km²) in 1978 to 2.63% (1.15km²) in 2016. Bare soil 

increased from 3.02% (2.24km²) in 2003 to 10.76% 

(5.91km²) in 2016. 

Table 8. LULC change rate of the Somone lagoon coastal lagoon between 1954 to 2016. 

LULC classes 
1954 1978 2003 2016 Changes % 

km² % km² % km² % km² % 1954-1978 1978-2003 2003-2016 

Bare soil --- --- --- --- 2.24 3.02 5.91 10.76 --- --- 7.74 

Beach 0.82 1.85 0.85 1.93 0.4 0.9 0.7 1.59 0.08 -1.03 0.69 

Settlements 0.13 0.29 0.98 2.23 3.78 8.38 4.05 9.21 1.94 6.16 0.82 

Crop lands 13.95 31.61 24.17 54.82 24.75 54.95 15.47 35.16 23.22 0.12 -19.78 

Tidal areas 0.79 1.78 0.62 1.40 0.64 1.42 0.51 1.16 -0.38 0.02 -0.26 

Lagoon 1.62 3.67 2.08 4.72 2.26 5.01 2.04 4.63 1.05 0.29 -0.38 

Mangrove 1.79 4.07 0.25 0.56 0.65 1.44 1.17 2.65 -3.50 0.88 1.21 

Sabkha 2.33 5.29 5.26 11.93 3.06 6.78 8.13 18.48 6.64 -5.14 11.70 

Somone river 0.17 0.38 0.08 0.17 0.05 0.12 0.08 0.19 -0.21 -0.05 0.13 

Vegetated Sabkha --- --- 0.36 0.81 2.69 5.96 1.15 2.63 --- 5.15 -3.34 

Forest area 22.53 51.06 9.44 21.43 4.27 9.49 4.78 10.86 -29.64 -11.94 1.37 

 

It useful to identify LULC trajectory or conversion through 

a change matrix from 1954 to 2016. Tables 9, 10 and 11 show 

the conversion of the land cover using a change matrix for 

three periods, 1954-1978, 1978-2003 and 2003-2016. The 

major diagonal of each matrix corresponds to the unchanged 

pixels. In the first period (1954–1978), there was a major 

change from Somone river to sabkha (60.77%), from 

vegetated sabkha to crop land (53.46%), from tidal areas to 

Sabkha (47.77%), 44.27% of the mangrove was converted 

into lagoon/mudflat and 42.21% into sabkha. The most stable 

classes in this period were: settlements (98.27%), followed 

closely by sabkha (94.91%), crop land (92.26), beach 

(86.59%) and lagoon (71.92%). During the second period 

1978-2003, there was also a major change from forest areas 

to crop land (29.49%) and vegetated sabkha (25.86%). The 

Somone river has been converted to settlements by 29.31%. 
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The vegetated sabkha has been transformed to crop land with 

27.33%. Finally, the beach is converted to lagoon by 24.50%. 

In the same period, a change from lagoon to mangrove and 

settlements and from sabkha to crop land and settlements 

were also observed. The classes most resistant to changes, 

during the second period were: tidal areas (99.58%), 

followed by settlements (95.96%), crop land (81.37%), 

mangrove (80.58%), Somone river (67.60%) and vegetated 

sabkha (61.95%). In the final matrix (2003-2016), the major 

changes concern, among other changes, the conversion of the 

vegetated sabkha to crop land (24.77%), the crop land 

conversion to bare land (22.49%), the settlements 

transformation to bare land (18.88%), tidal areas replacement 

by sabkha (18.87%) and crop land conversion to bare land 

(13.47%). The most unchanged classes included the beach 

(98.57%), forest areas, (97.24%), mangrove (94.27%), 

Somone river (93.34%), bare land (87.10%) and sabkha 

(85.73%). 

 

Figure 4. Changes in land-cover classes between 1954 to 2016.  

Overall, there was a replacement of natural areas 

(vegetation cover) and rural areas (crop lands) by man-made 

areas (settlement/urbanisation), as well the expansion of the 

Sabkha within the study area. This situation is due to several 

factors, including the rainfall decreasing over recent decades, 

settlement development and population growth, tourism 

sector development salinization of soils (explosion of Sabha), 

uncontrolled exploitation of natural resources (from 1954 to 

the 1990s), construction of dams and bridge upstream the 

Somone river such in the watershed at Bandia (1999) and 

Kissane (2000), which caused the lagoon silting [77]. This 

threatens the sustainability of the lagoon and species relating 

to it such the mangrove, swamp, fish and bird’s species [78]. 

Table 9. Land use and land cover changes matrix between 1954 and 1978. 

1978 
1954 

1 2 3 4 5 6 7 8 9 10 

1 92,26 0,19 0 0 0,07 3,98 -- 53,46 0,85 0,15 

2 0 50,38 0 0 2,34 11,95 -- 0,56 0,31 0,00 

3 0,01 0 71,92 44,27 0,41 0,05 -- 0,04 0 11,96 

4 0 0 0,40 13,51 0 0 -- 0 0 0 

5 3,80 47,77 26,66 42,21 94,91 60,77 -- 3,85 0,27 0,06 

6 0,01 1,54 0 0 1,43 23,21 -- 0,02 0,04 0 

7 0 0 0 0 0,04 0 -- 1,58 0,12 0 

8 2,79 0,11 0 0 0,05 0,05 -- 40,29 0,15 0,44 

9 1,13 0 0,02 0 0,75 0 -- 0,19 98,27 0,80 

10 0,01 0 0,99 0,01 0,00 0 -- 0 0 86,59 

Total changes 7,74 49,62 28,08 86,49 5,09 76,79 -- 67,71 1,73 13,41 

1—Crop land; 2—Tidal areas; 3—Lagoon; 4—Mangrove; 5—Sabha; 6—Somone river; 7—Vegetated sabha; 8—Forest areas; 9—Settlements; 10—Beach. 

Table 10. Land use and land cover changes matrix between 1978 and 2003. 

2003 
1978 

1 2 3 4 5 6 7 8 9 10 11 

1 81,37 0,18 0 0 11,70 0,29 27,33 -- 29,49 1,24 0 

2 0,10 99,58 
 

0 0 2,34 0 -- 0,01 0,04 0 

3 0 0 68,57 3,24 13,25 0 0 -- 0 0 24,50 

4 0 0 15,29 80,58 5,82 0 0 -- 0 0 0,71 
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2003 
1978 

1 2 3 4 5 6 7 8 9 10 11 

5 0 0 5,19 9,87 51,71 0,46 7,82 -- 0 0 0 

6 0 0,24 0 0 0 67,60 0,00 -- 0 0 0 

7 0,24 0 10,37 6,31 2,08 0 61,95 -- 25,86 0 0 

8 7,96 0 0 0 2,46 0 0 -- 1,21 1,96 0 

9 0,29 0 0 0 3,08 0 0 -- 42,77 0 0 

10 10,02 0 0 0 9,90 29,31 2,90 -- 0,66 95,96 4,73 

11 0,01 0 0,57 0 0 0 0 -- 0 0,80 70,06 

Total changes 18,63 0,42 31,43 19,42 48,29 32,40 38,05 -- 57,23 4,04 29,94 

1—Crop land; 2—Tidal areas; 3—Lagoon; 4—Mangrove; 5—Sabha; 6—Somone river; 7—Vegetated sabha; 8—Bare land; 9—Forest areas; 10—Settlements; 

11—Beach. 

Table 11. Land use and land cover changes matrix between 2003 and 2016. 

2016 
2003 

1 2 3 4 5 6 7 8 9 10 11 

1 56,43 0,26 0 0 0,03 1,13 24,77 1,28 0,03 2,32 0 

2 0,01 79,45 0 0 0,01 4,03 0 0 0 0 0 

3 0,04 0 79,24 5,48 5,93 0 0,33 0,65 0 0,01 0,01 

4 0 0 13,52 94,27 0,05 0 8,36 0,04 0 0 0 

5 22,49 18,87 0,08 0 85,73 1,09 0,03 0,02 0,05 0,61 0 

6 0 0,52 0 0 0,04 93,34 0 0 0 0,76 0 

7 1,49 0 0,04 0 0,01 0 62,60 0 0 0,01 0 

8 13,47 0 0,39 0,12 0,18 0 0,90 87,10 1,77 18,88 0,01 

9 0,72 0 0 0 8 0 0,01 7,95 97,24 0,02 0 

10 5,27 0,90 0,02 0 0,02 0,41 3 2,97 0,87 76,13 1,41 

11 0,09 0 6,70 0,14 0 0 0 0 0,02 1,27 98,57 

Total changes 43,57 20,55 20,76 0,26 14,27 6,66 37,40 12,90 2,76 23,87 1,43 

1—Crop land; 2—Tidal areas; 3—Lagoon; 4—Mangrove; 5—Sabha; 6—Somone river; 7—Vegetated Sabha; 8—Bare land; 9—Forest areas; 10—

Settlements; 11—Beach. 

4. Discussion 

4.1. Land Use and Land Cover Classification 

Remote sensed data in Somone lagoon has allowed to 

analyse and understand the changes in land use and cover and 

therefore provide critical tools for the management of this 

area. Indeed, the integration of remote sensing data into 

LULC changes studies is essential for the management of 

protected areas, especially within coastal lagoons by 

providing essential information on the nature and spatial 

distribution of land cover changes. Such in Global trends of 

change and the effects of the recent establishment of the 

shrimp aquaculture industry on the natural cover in coastal 

lagoon system in Mexico [79], describing land cover 

degradation [80] analysing the LULC changes and associated 

Ecosystem Services (ESs) of a protected wetland area in the 

Po river delta (Northern Italy) [81] etc. The aerial 

photographs have allowed to track LUCCs in Somone 1954 

and 1978. These have been the first sources of remote 

sensing for monitoring LULC changes [4, 82]. Additionally, 

satellites images (Quickbird and GeoEye) have 

complemented the LULCs analysis in this study during 2003 

and 2016, with an improvement in images quality in term of 

scales and resolution. There are the satellite images that 

appeared in the 1970s with the launch of the Landsat satellite 

into space, thus giving more inputs to the various fields of 

research. Nowadays, these two sources of spatial information 

are complementary, particularly on the temporal and spatial 

dimension: this is called multisource remote sensing. This 

combination is very useful for monitoring the state of the 

environment, as it was done in this study in Somone lagoon. 

These technics indeed offer increasing opportunities for 

developing countries to consider monitoring and evaluating 

their natural resources over a long time series. Indeed, some 

developing countries are facing considerable gaps in 

mapping coverage on land use change. This situation is 

explained by the lack of experts or specialists noted in this 

field, and mostly by the difficulties to access the existing 

data. Additionally, to the non-affordability in the relevant 

services and high spatial resolution satellite images. 

Consequently, many resources or natural spaces are being 

degraded, without a better understanding of their extent. 

4.2. Land Use and Land Cover Change 

This study showed that Somone coastal lagoon has 

undergone several land use land cover changes during the last 

63 years (1954-2016). Indeed, the mangrove undergone 

several degrdadation between 1954 and 1978, the forest areas 

lost more 40% of its surface between 1954 and 2016 and 

replaced by Settlements (urbanization) as well as Croplands. 

Such, coastal lagoons are highly susceptible to human 

activities, and many now rank among the most heavily 

impacted aquatic ecosystems on Earth [83-85]. High 

population density, together with its associated commerce, 

pollution, and development, will put significant stress on 

these coastal and near-shore ecosystems [86]. Furthermore, 

natural resources across globally has been modified by 
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human activities such as agriculture, fishery, aquaculture, 

oysters, arches and others seafood collection, settlements, 

urbanization, and industrialization. Indeed, human have 

strong influences on lagoons state and productivity [87]. 

Over the centuries, coastal lagoons have become foci of 

settlement, industry, leisure and recreation and have 

characteristically a rich cultural heritage [86, 88]. Coastal 

lagoons support a rich specific biodiversity, and host of 

different groups of organisms, like plants, animals or 

microbes [88]. Such human being had transformed the earth, 

reshaped the form and process of ecosystems [18] across the 

terrestrial biosphere, which made the critical transition from 

mostly wild to mostly anthropogenic, passing the 50% mark 

early in the 20th century, between 1700 and 2000 [89]. 

LULC results in Somone have indicated a very dynamic 

area related to human pressures, exacerbated by climate 

change [90]. Thus, coastal lagoons are very dynamic and 

subject to constant changes, very sensitive and exposed to 

human pressures, with the development of urban and 

economic activities such as fishery, aquaculture and tourism 

[91]. 

Land use and land cover information, as indicated in this 

study, provides a rapid and cost-effective means for 

monitoring and planning coastal area development [91]. 

Therefore, this study represents a useful tool for the 

sustainable management of coastal lagoon in Somone and in 

the whole Senegalese littoral as well, West African littoral. 

5. Conclusion 

Land Use Land Cover Changes were investigated, using 

satellite images and areal photographers within Somone 

coastal lagoon for the years 1954, 1978, 2003 and 2016. 

Results indicated that Somone lagoons have undergone 

several changes during these periods with mainly the 

decrease of natural areas such forest areas and rural 

characteristic areas such croplands, replaced by settlements 

and tourism infrastructures. These dynamic underscores the 

urban development of this areas, but also the impacts of 

climate change with the decrease in rainfall and rising 

temperature, which have contributed to reduced forest and 

cropland. Collectively, these results constitute critical 

information for understanding the dynamic the land use and 

land cover of these environments and their functioning in the 

face of climate change and human pressure. Therefore, the 

results of this study can be applied broadly to devise and/or 

strengthen policies for sustainable management of tropical 

coastal lagoons. 
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