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Abstract: Mediterranean coastal lagoons and their peripheral areas often provide a collection 20 

of habitats for many species, and they often face significant threats from anthropogenic 21 

activities. Diverse human activities in such areas directly affect the spatio-temporal dynamic of 22 

surface water and its ecological characteristics. Monitoring the surface water dynamic, and 23 

understanding the impact of human activities are of great significance for coastal lagoon 24 

conservation. The Regional Natural Park of Narbonne includes a typical Mediterranean lagoon 25 

complex where surface water dynamic and its potential link with local diverse human activities 26 

has not yet been studied. In this context, based on all the available Landsat images covering the 27 

study area during 2002-2016, this study identified the water and non-water classes for each 28 

satellite observation by comparing three widely used water indices (i.e., NDVI, NDWI and 29 

MNDWI) and using the Otsu method. The yearly water frequency index was then computed 30 

to present the spatio-temporal dynamic of surface water for each year, and three water dynamic 31 

scenarios were also identified for each year: permanent water (PW), non-permanent water 32 

(NPW) and non-water (NW). The spatial and inter-annual variation in the patterns of the three 33 

water scenarios were characterized by computing the landscape metrics at scenario-level 34 

quantifying area/edge, shape, aggregation and fragmentation. Finally, the quantitative link 35 

between different land use and land cover (LULC) types derived from the LULC maps of 2003, 36 

2012 and 2015 and the surface water dynamic scenarios was established in each of the 300 m x 37 

300 m grid cells covering the study area to determine the potential impact of human activities 38 

on the surface water dynamic. In terms of the inter-annual variation during 2002-2016, PW 39 

presented an overall stability, and NPW occupied only a small part of the water surface in each 40 

year and presented an inter-annual fluctuation. NPW had a smaller patch size, with lower 41 

connectivity degree and higher fragmentation degree. In terms of spatial variation during 2002-42 

2016, NPW often occurred around PW, and its configurational features varied from place to 43 

place. Moreover, PW mostly corresponded to natural lagoon, and salt marsh (as a part of 44 

lagoons), and NPW had a strong link with arable land (agricultural irrigation) and salt marsh 45 

(salt production), sand beach/dune, coastal wetlands and lagoon for the LULC maps of 2003, 46 
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2012 and 2015. However, more in-depth analysis is required for understanding the impact of 47 

sand beach/dune, coastal wetlands and lagoon on surface water dynamics. This study covers 48 

the long-term variations of surface water patterns in a Mediterranean lagoon complex having 49 

intense and diverse human activities, and the potential link between LULC types and the water 50 

dynamic scenarios was investigated on different dates. The results of the study should be 51 

useful for environmental management and protection of coastal lagoons.  52 

Keywords: Mediterranean lagoon complex, surface water dynamic, land use and land cover, 53 

landscape metrics, Remote sensing  54 

 55 

1. Introduction 56 

Coastal lagoons are particular ecosystems located in the transitional areas between land 57 

and sea, and occur along nearly 15% of the global shorelines worldwide [1]. More than 100 58 

coastal lagoons are located in the Mediterranean and these provide a variety of habitats for 59 

many species and support various human activities, such as agriculture, tourism, and mining 60 

[2,3]. The high human density in Mediterranean coastal areas and the strong dependence of 61 

regional economic development on a lagoon complex often means such areas are very 62 

vulnerable. [4,5]. Over the past years, social awareness in protection and management of 63 

Mediterranean coastal lagoons has been increasing [2]. Many Mediterranean coastal lagoons 64 

have been included in lagoon management programs, such as the Ramsar convention, an 65 

international treaty that recognizes the international importance of wetlands, and urges its 66 

member states to maintain the ecological characteristics of wetlands and develop a sustainable-67 

use plan through local, regional, national and international cooperation [6]. Natura 2000, the 68 

European project of biodiversity preservation aims to ensure the long-term survival of species 69 

and habitats protected under the Birds and Habitats Directive [7]. More specifically, Natura 70 

2000 has developed an approach for evaluating the conservation status of lagoon complexes. 71 

These have been implemented at the scale of water patch, and the necessary data for the 72 

evaluation (e.g. surface, sediment, macrophyte, etc.) are also collected at such scale [8]. 73 

Therefore, studying the spatio-temporal dynamic of surface water, and compositional and 74 

configurational features of water patches and their association with different land use and land 75 

cover (LULC) types are important for the management and protection of lagoon complexes as 76 

they are often highly susceptible to a variety of human activities.  77 

Optical images like MODIS (Moderate Resolution Imaging Spectroradiometer) have been 78 

widely used in studies at global or regional scale and over a long time-span [9-12]. However, 79 

their coarse spatial resolution is a great limitation for small water patches, particularly in a 80 

coastal lagoon complex. Images with high spatial resolution have been applied in such studies 81 

to provide more detailed spatial information of water bodies [13-15]. However, they cannot 82 

cope with frequent, or even continuous observation at a relatively large spatial scale [16]. 83 

Landsat images are the compromise solution with a 30 m spatial resolution and a 15 day revisit 84 

time, and have the longest record permitting open water monitoring from the 1970s [17]. With 85 

the development of remote sensing technology, Sentinel-2 data, with a great revisit frequency 86 

and the higher spatial resolution than Landsat data [18], have been gradually introduced for 87 

water mapping in recent years [19,20] However, Sentinel-2 images are not able to provide water 88 

monitoring data before 2015. A systematic review proposed by Guo et al. (2017) [21] confirmed 89 

that Landsat TM/ETM+/OLI data were the most used remote sensing data in wetland mapping. 90 

Therefore, taking account of the spatial and temporal resolution of these remote sensing data, 91 

Landsat images are particularly suitable for frequent identification of the surface water and 92 

studying the timing and frequency of ephemeral water patches, while using all available 93 

Landsat images [22,23]. 94 
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Multi-spectral indices and thresholding methods are widely used to extract surface water 95 

bodies from optical remote sensing images as they are quite fast and simple, especially for 96 

large-scale and/or long-term time series studies [22,24-26]. Many water spectral indices, such 97 

as the Automated Water Extraction Index (AWEI) [27], Normalized Difference Water Index 98 

(NDWI) [28], Modified Normalized Difference Water Index (MNDWI) [29], Tasseled Cap 99 

Wetness Index (TCW) [30,31], and Water Index (WI) [32], were developed for identifying 100 

surface water. Moreover, vegetation spectral indices, such as the Normalized Difference 101 

Vegetation Index (NDVI) were originally developed for vegetation detection [33], but have also 102 

been used to extract water features [34,35]. Of these, some studies applied only the empirically 103 

optimal threshold value directly, such as the zero of MNDWI [22] and others compared two or 104 

more indices according to the classification accuracy and/or their spatial performance [36]. 105 

However, standard threshold values of a single index do not lead to good accuracy [37] and, 106 

depending on the area, it is difficult to identify location, weather, and time of acquisition 107 

[13,34,38], especially in a lagoon complex with challenging conditions for surface water 108 

detection, such as varying salinity, turbidity, depth, and/or eutrophication. Thus, for 109 

monitoring the frequency and accuracy of surface water over a long period of time, it is 110 

necessary to select the optimal indices, and determine the real time optimal threshold.   111 

This paper concerns the littoral part of the Regional Natural Park of Narbonne, a typical 112 

Mediterranean lagoon complex. This lagoon complex was also recognized in 2006 as a "wetland 113 

of international importance" under the Ramsar Convention, and 56% of the territory of the park 114 

is registered in the Natura 2000 network [39]. It contains, on the one hand, habitats of priority 115 

interest, whereby France has an obligation to preserve or restore to good condition and, on the 116 

other hand, it has to face the pressures of riparian anthropogenic dynamics. Water patches 117 

often act as critical refuges and breeding areas, offer food sources for wildlife, and harbor many 118 

plant and animal species that would otherwise not survive in the surrounding landscape. 119 

Clearly, it is very important to monitor the surface water dynamics for water management, 120 

ecosystem assessment and biodiversity conservation over the long term. However, the long-121 

term spatio-temporal dynamic of surface water patches of this area have yet to be studied. 122 

Moreover, the association between the surface water dynamic and LULC types has also not 123 

been well-studied yet.  124 

In this context, this study aims to give an overall retrospect of the surface water dynamic 125 

of the lagoon complex in the Regional Natural Park of Narbonne, and to diagnose the influence 126 

of anthropologic activities on water dynamic frequency during 2002-2016, including: 127 

1. Comparing water spectral indices and monitoring yearly surface water frequency 128 

maps using all available Landsat images during the entire study period; 129 

2. Analyzing the spatio-temporal variations of the compositional and configurational 130 

patterns of water patches using landscape metrics;  131 

3. Studying the relationship between yearly surface water dynamics and different LULC 132 

types based on the existing multi-date LULC maps; 133 

2. Study area 134 

This study was carried out in the Regional Natural Park of Narbonne (RNPN) that is 135 

located on the coast of the department of Aude in the Languedoc-Roussillon region, France 136 

(Figure 1). The lagoon complex extends 14 km from north to south, from Narbonne to Port-la-137 

Nouvelle, and 10 km from west to east, from Peyriac-de-Mer to the Mediterranean Sea. The 138 

water bodies in this area consist of four lagoons (i.e., Bages-Sigean, Ayrolle, Campignol, and 139 

Gruissan), three canals (i.e., La Robine, La Berre and Rieu de Roquefort) and some water areas 140 

surrounding the lagoons. 141 

The Bages-Sigean lagoon (3700 hectares), is divided into several sectors which connect to 142 

each other (i.e., the northern, middle and southern sector of Bages-Sigean, abbreviated as BGN, 143 

BGM and BGS, respectively) and also connect to the Mediterranean Sea at Port-la-Nouvelle. 144 
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This lagoon is almost permanently fed with freshwater mainly from the canal of La Berre and 145 

the canal of La Robine via the Canelou River. The canal of La Robine passes a large agricultural 146 

zone in the low plain in the northern part, then joins the Bages-Sigean lagoon passing by the 147 

Île-Saint-Lucia island, and ends its journey in the sea at Port-la-Nouvelle. Water is extracted 148 

from the canals to the land to decrease soil salinity in the vine plots on the low plain and also 149 

for the irrigation of annual crops and impoundment of rice fields. The Campignol lagoon (115 150 

hectares) is located between the low plain in the north and the Ayrolle lagoon (1320 hectares) 151 

in the south. The two lagoons are connected through a narrow channel. The Gruissan lagoon 152 

(145 hectares) is situated between the massif of La Clappe and the village of Gruissan and joins 153 

the sea by the canal of Grazel. From the second half of the twentieth century, human activity 154 

(e.g. fishing, shellfish farming, tourism, navigation, etc.) and the growth of the population 155 

began to lead to a significant increase in pollution and nutrients in these lagoons, which began 156 

the phenomenon of eutrophication.  157 

This area has a typical Mediterranean climate of long, hot and dry summers, and mild and 158 

humid winters, with approximately 300 days of sunshine per year. This means that observation 159 

from optical satellites is effective.  160 

 161 

Figure 1. Location of the Regional Natural Park of Narbonnaise and the spatial distribution of 162 
main elements of the lagoon complex. The left part represents the geographic location of the 163 
study area, while the middle part represents the Landsat 8 OLI (date: 10-04-2017) false-color 164 
composite image using the Green, Red and NIR bands. The right part represents the LULC 165 
map of 2012 (OCSOL2012©GN/PNR, Licence ODb). 166 

3. Data collection and preprocessing 167 

3.1 Landsat time series images 168 

All available Landsat surface reflectance (SR) data derived from the Landsat 5 Thematic 169 

Mapper (TM), Landsat 7 Enhanced Thematic Mapper Plus (ETM+) and Landsat 8 Operational 170 

Land Images (OLI) over the period 2002-2016 were downloaded from the United States 171 

Geological Survey (USGS) website (http://landsat.usgs.gov/) and were used as the input data 172 

for surface water extraction in this study. The number of observations varied from 33 in 2002 173 
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to 44 in 2016, with minimum observations in 2012 and maximum observations in 2014 (Figure 174 

2a). For each image, a quality assessment (QA) band was applied to replace cloud and cloud 175 

shadow with missing values, and the vector layer of the border of RNPN (Figure 1) was then 176 

applied to delineate the study area. The remaining pixels within the study area were regarded 177 

as serviceable pixels and used for identifying the surface water. Moreover, Figure 2b shows 178 

that the histogram of the number of missing values in all the Landsat images per year in the 179 

study area, and this information ensured the effective and accurate tracking of spatial and inter-180 

annual variations of surface water during 2002-2016. More detailed information of the Landsat 181 

images is presented in Table 1. 182 

 183 
a 

 

b 

 

Figure 2. Landsat data availability covering the study area during 2002-2016. (a) Number of 184 
Landsat 5, 7 and 8 images per year; (b) Number of missing values in all Landsat images per 185 
year over the study period.  186 

Table 1. Information of the Landsat spectral bands used in this study. 187 

Band  
Spectral range (nm) 

Path / Row Level R*(m) 
TM ETM+ OLI 

Blue 0.45-0.52 0.45-0.52 0.45-0.52 197 / 030 L2 30 

Green 0.52-0.60 0.52-0.60 0.52-0.60 197 / 030 L2 30 

Red 0.63-0.69 0.63-0.69 0.63-0.68 197 / 030 L2 30 

NIR 0.78-0.90 0.78-0.90 0.85-0.89 197 / 030 L2 30 

SWIR1 1.55-1.75 1.55-1.75 1.56-1.67 197 / 030 L2 30 

SWIR2 2.08-2.35 2.09-2.35 2.10-2.29 197 / 030 L2 30 

3.2 Validation data 188 

To evaluate the accuracy of the surface water time series, we chose three different dates, 189 

corresponding to three observations without the disturbance of cloud and cloud shadow from 190 

Landsat 5, Landsat 7 and Landsat 8, and randomly generated the samples per date across the 191 

study area and visually interpreted them as water and non-water using high resolution images 192 

from Google Earth ProTM (Google Inc., Menlo Park, CA, USA), and expert’s knowledge (Table 193 

2).  194 

Table 2. Number of validation samples for each class in three different dates. 195 

 2002/01/28 2008/12/22 2016/07/29 

Water 123 122 175 

Non-water 407 352 425 

Total 530 474 600 

3.3 Multi-date land use and land cover datasets 196 

To establish the potential link between surface water frequency and LULC types, we used 197 

the existing LULC maps of 2003, 2012 and 2015 in vector format covering the study area that 198 
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were downloaded from the Etalab website (www.data.gouv.fr). These LULC datasets have a 199 

hierarchical classification system, with five classes at level 1, fifteen classes at level 2 and forty-200 

one classes at level 3. In this study, the LULC types at level 2 were chosen as the reference data, 201 

including (1) urban built fabric; (2) areas of economic activities and transport network; (3) areas 202 

of material extraction, deposit and waste storage; (4) urban green space; (5) arable lands; (6) 203 

vineyard or arboriculture; (7) uncultivated lands; (8) forest; (9) shrubby and herbaceous 204 

associations; (10) sand beach and sand dune; (11) lagoon; (12) coastal wetlands; (13) salt marsh; 205 

(14) water flow; (15) other water bodies. The right part in Figure 1 shows the diverse LULC 206 

types in the map of 2012. 207 

4. Methodology 208 

4.1 Spectral Index-Based Surface Water Extraction  209 

From the many water spectral indices, we chose NDWI, MNDWI and NDVI that are 210 

commonly used in surface water extraction. Initially, NDWI was proposed by Mcfeeters 211 

(1996)[28] because it maximizes the surface water reflectance in the green band and minimizes 212 

the surface water reflectance in the near infrared band. Based on NDWI, MNDWI was proposed 213 

by Xu (2006)[29] to replace the near infrared band with a shortwave infrared band as this is more 214 

efficient when identifying open surface water in an urban context.   215 

NDWI = 
���������

���������
                              (1) 216 

where Green and NIR represent the SR value of the green band and near infrared band, 217 

respectively.  218 

MNDWI = 
�����������

�����������
                            (2) 219 

where Green and SWIR1 represent the SR value of the green band and shortwave infrared band, 220 

respectively. 221 

NDVI = 
�������

�������
                               (3) 222 

where Red and NIR represent the SR value of the red band and near infrared band, respectively. 223 

Three equations were applied to each Landsat image from the period 2002 to 2016 and the 224 

NDWI, MNDWI and NDVI time series were produced. Because the time series Landsat data were 225 

acquired at different times and under different weather conditions by different satellite 226 

platforms, it would be better to determine the threshold value according to the values of the water 227 

index itself [38]. Because, in our study area, the pixel values of water indices often presented a 228 

typical bi-modal distribution (Figure 3), we directly applied the Otsu algorithm for each water 229 

index. This is a widely-used approach in automatic segmentation of water index values as it 230 

maximizes the inter-class variance [40] and adapts well to an index with a bi-modal distribution 231 

[20,41,42].  232 

In addition, based on the 30 m Shuttle Radar Topography Mission (SRTM) Global Digital 233 

Elevation Model (DEM) and the solar azimuth and zenith angle of each image, the terrain 234 

shadows were derived, and the pixels mis-classified as water in terrain shadows were removed 235 

manually. 236 
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 237 

Figure 3. Illustration of bi-model histogram of pixel distribution from different water spectral 238 
indices in our study area.  239 

4.2 Multi-date Accuracy Assessment  240 

In order to fully compare the water indices used in this study, we both qualitatively and 241 

quantitatively evaluated the results of the index-based approaches. We first compared the results 242 

of water indices with the false color composite of the initial Landsat bands in the different study 243 

sub-areas. The sub-areas were selected to perform comparisons where different patterns of water 244 

patch and vegetation disturbance were present.  245 

Then, to quantitatively evaluate the performance of each index, we used a confusion matrix-246 

based method, by comparing the resulting water and non-water maps with the reference samples 247 

in Table 2. The four following parameters were generated (Table 3): 1) true positive (TP): positive 248 

instance, positive classified; 2) false positive (FP): negative instance, positive classified; 3) true 249 

negative (TN): negative instance, negative classified; and 4) false negative (FN): positive instance, 250 

negative classified. Based on these outcomes, we calculated the overall accuracy (OA) and kappa 251 

coefficient (kappa) [43] to assess the accuracy of water vs. non-water maps derived from the water 252 

indices over three different dates.  253 

Table 3. Confusion matrix 254 

 
Reference samples 

Water Non-water 

Classified data 
Water  TP FP 

Non water FN TN 

�� =
�����

�����������
,  ����� =

�(�����)�Σ

�∗��Σ
                     (4) 255 

where T is the total number of pixels in the accuracy assessment, and � is the chance accuracy 256 

that is defined as (TP+FP)*(TP+FN)+(FN+TN)*(FP+TN).  257 

4.3 Analysis of Spatio-temporal Variations of Surface Water Pattern  258 

4.3.1 Inter-annual variation of surface water pattern 259 

To describe the yearly water dynamic over the entire time series (i.e., 2002-2016), a yearly 260 

water frequency index (WFI) was computed that was defined as the number of times a pixel as 261 

classified as surface water divided by the number of observations without clouds and cloud 262 

shadows per pixel position [24-26]. 263 

                              ��� =
���

���
                              (5) 264 

where n is the number of the pixels classified as water, N is the number of observations without 265 

clouds and cloud shadows per year, and i, j are the coordinates of pixel. 266 
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To further unravel the intensity of spatial variation of surface water and its quantity, we 267 

disaggregated the WFI values to ten equal intervals (i.e., (0, 0.05], (0.05, 0.15], (0.15, 0.25], (0.25, 268 

0.35], (0.35, 0.45], (0.45, 0.55], (0.55, 0.65], (0.65, 0.75], (0.75, 0.85], (0.85, 0.95], and (0.95, 1]) and the 269 

pixel numbers per interval were counted and compared. Then, the WFI layer of each year was 270 

post-processed using the following steps for identifying the three water scenarios per year: (1) 271 

permanent water (PW) with pixel values greater than 0.75; (2) non-permanent water (NPW) 272 

with pixel values greater than 0.05 and less than 0.75; (3) non-water (NW) with pixel values less 273 

than 0.05.  274 

To monitor the inter-annual variation of the surface water pattern, a set of landscape 275 

metrics was chosen that have been widely used in the analysis of wetland landscapes [44-46]. 276 

The description of a landscape pattern often includes two aspects: (1) composition, relating to 277 

the abundance and variety of patch types in the landscape, and (2) configuration, relating to 278 

spatial character, arrangement and context of the patches [47]. In this study, the compositional 279 

feature was characterized by the percentage (PLAND) of each class in the landscape, and the 280 

configurational pattern was characterized by patch density (PD), edge density (ED), area-281 

weighted mean shape index (SHAPE_AM), aggregation index (AI) and landscape division 282 

index (DIVISION) (Table 4). Based on the yearly layer of surface water scenarios, the landscape 283 

metrics were computed for each of the three surface water scenarios with an 8-connectivity 284 

implementation of the algorithm, using Fragstats software 4.2 (Amherst, MA, USA). Here, the 285 

study area was considered as the unit of metric computation.  286 

Table 4. Landscape metrics used in this study. 287 

Metric 

(Abbreviation) 
Description (adapted from [47]) Units Range 

Percentage  

(PLAND) 

Proportional abundance of patches in the computation 

unit 
Percent (0, 100) 

Patch density 

(PD) 

Total number of patches per surface in the computation 

unit, per square meter 

Number/

m2 
>0 

Edge density  

(ED) 

Total length of patch edges in the computation unit, per 

hectare 

Meters / 

hectare 
≥0 

Area-weighted 

mean shape index 

(SHAPE_AM) 

Normalized ratio of patch perimeter to area, in which 

the complexity of patch shape is compared to a square 

of the same size, for each patch in the computation unit 

No unit ≥1 

Aggregation index 

(AI) 
The degree of patch clustering Percent [0, 100] 

Landscape division 

index (DIVISION) 

Probability that two randomly chosen pixels in the 

computation unit are not situated in the same patch 

Propositi

on 
(0, 1) 

4.3.2 Spatial variation of surface water pattern 288 

To provide visualization of the spatial variation of surface water during the entire study 289 

period (i.e., 2002-2016), a WFI layer of the entire 15 years was produced using equation (5) and 290 

all water vs. non-water maps derived from the MNDWI-based method between 2002 and 2016. 291 

Moreover, we divided the study area into regular 300 m x 300 m cells that were used as 292 

the units of spatial analysis. Based on the layers of yearly surface water scenarios, the 293 

configuration metrics in Table 4 were then computed at scenario-level in each cell for each of 294 

the 15 years, and the average value of landscape metrics per cell for the entire study period was 295 

computed to spatially compare the spatial variation of the patterns of PW and NPW patches. 296 

4.4 Implications of land use and land cover to surface water dynamic  297 

To investigate the potential link between the surface water dynamic scenarios and LULC 298 

over the entire time series, we used the multi-date LULC datasets (i.e., LULC maps of 2003, 299 
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2012 and 2015). First, we recalculated the WFI layers for 2003, 2012 and 2015, using all the water 300 

vs. non-water maps in the intervals of 2002-2004, 2011-2013 and 2014-2016, respectively, and 301 

the three water scenarios (i.e., PW, NPW and NW) in 2003, 2012 and 2015 were identified. Based 302 

on the vector grid layer of 300 m x 300 m cell size, the cells having the majority value of PW, 303 

NPW or NW were labeled as cell of PW, cell of NPW or cell of NW, respectively. Meanwhile, 304 

the same procedure was carried out for labelling each of the cells by comparing the frequency 305 

of occurrence of LULC types per cell. Finally, each cell was assigned two attributes (i.e., the 306 

majority value of one water-related class and the majority value of one LULC type), and the 307 

number of cells having the same attributes (e.g. NPW vs. salt marsh) were counted to display 308 

the quantitative matchup between surface water scenarios and different LULC types. Moreover, 309 

according to LULC types in the multi-dates LULC datasets, the average value of WFI per LULC 310 

class was computed and compared for 2002-2004, 2011-2013 and 2014-2016, to determine the 311 

impact of different LULC types on water occurrence frequency. 312 

5. Results 313 

5.1 Qualitative and quantitative evaluation of the index-based surface water maps  314 

Figure 4 presents a qualitative comparison between an index-based surface water map 315 

and a false-color composition. In the case of sub-area A, it shows that MNDWI performed better 316 

than the other indices when identifying fine regular borders located in the surface water. In the 317 

case of sub-area B, except for MNDWI, the remaining indices did not seem to correctly identify 318 

the surface water due to the disturbance of submerged marine vegetation in the estuary of the 319 

lagoon. In such areas, the water depth is often very shallow and submerged vegetation often 320 

emerges at the water surface. In the case of sub-area C, apart from NDVI, the two other indices 321 

appear to detect surface water well, and there is not great difference in the results. In the case 322 

of sub-area D, MNDWI adapted better in identifying the irregular borders of surface water. 323 

Therefore, based on the qualitative evaluation, MNDWI appears more appropriate for 324 

detecting surface water and is therefore more suitable for characterizing landscape patterns by 325 

computing the landscape metrics.  326 
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Figure 4. The false-color composite maps (date: 10-23-2018) and resulting spectral indices of 328 
sub-areas (A, B, C and D). 329 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 10 May 2019                   doi:10.20944/preprints201905.0119.v1

Peer-reviewed version available at Remote Sens. 2019, 11, 1425; doi:10.3390/rs11121425

https://doi.org/10.20944/preprints201905.0119.v1
https://doi.org/10.3390/rs11121425


Because the surface water maps were derived from three spectral indices during 2002-2016, 330 

we implemented a qualitative evaluation on three dates that corresponded to the different 331 

Landsat satellite platforms (Landsat TM, Landsat ETM+ and Landsat OLI). We also assumed 332 

that the classification accuracy of index maps with the same platform were similar. The surface 333 

water map derived from the different indices all had high accuracies with an overall accuracy 334 

of 95%-98% and high Kappa coefficients of 0.85-0.94 (Table 5). MNDWI had a high value of OA 335 

and Kappa in both the evaluation of 2008 and 2016. 336 

Table 5. Overall accuracy and kappa coefficient of the spectral indices in three test dates. 337 

 338 

 339 

 340 

 341 

 342 

Based on the results of both visual inspection and quantitative evaluation, MNDWI was 343 

finally selected as the optimal index for identifying the surface water and only the MNDWI-344 

based surface water maps were used for the following analysis. 345 

5.2 Inter-annual dynamic of the pattern of surface water dynamic scenarios 346 

Among the 761366 pixels covering the entire study area, the percentage of surface water 347 

pixels (i.e., WFI per year > 0.05) varied from 12.53% to 14.71% during 2002-2016, which 348 

corresponded to small portions of the study area. The pixel number distribution of ten 349 

frequency levels for each of the 15 years is presented in Figure 5, which clearly shows that the 350 

majority of surface water pixels had a water frequency greater than 0.75. The surface water 351 

with low frequencies (i.e., 0.05 < WFI < 0.75) only occupied a small portion of the total surface 352 

water pixels. Therefore, the surface water in the study area showed an overall stability during 353 

2002-2016 and only a small part of the surface water presented fluctuations with different 354 

frequency values.  355 

 356 

Figure 5. Distribution of pixel number of ten water frequency levels for each year during 2002-357 
2016.  358 

Table 6 presents the mean and standard deviation values of class-level landscape metrics 359 

during 2002-2016. NW, the major class in the study area, occupied more than 86% of the surface 360 

 01/28/2002 12/22/2008 07/29/2016 

OA (%) kappa OA (%) kappa OA (%) Kappa 

NDVI 97.9 0.94 94.5 0.85 96.0 0.90 

NDWI 97.5 0.93 95.6 0.88 95.7 0.90 

MNDWI 97.0 0.90 97.5 0.92 97.3 0.93 
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of the study area, and had the lowest patch density (i.e., the average value of PD was 0.36), the 361 

lowest degree of fragmentation (i.e., the average value of DIVISION was 0.28), and the highest 362 

degree of aggregation (i.e., the average value of AI was 99.04). PW occupied a small part of 363 

study area (i.e., the average value of PLAND was 10.25), and had a low patch density (i.e., the 364 

average value of PD was 0.46) and a high degree of aggregation (i.e., the average value of AI 365 

was 95.57). However, it also exhibited a high degree of fragmentation and the average value of 366 

DIVISON was 0.99. In particular, NPW, the minor class in the landscape, had the highest 367 

average value of PD, ED, and DIVISION, and the lowest average value of AI. 368 

Table 6. Average and standard deviation of class-level metrics during 2002-2016. 369 

 
PLAND PD ED SHAPE_AM DIVISION AI 

Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD 

NW 86.49 0.54 0.36 0.07 9.38 0.48 6.77 0.38 0.28 0.01 99.04 0.04 

NPW 3.26 0.51 2.13 0.30 13.37 0.99 5.09 0.97 0.99 0.00 68.49 3.08 

PW 10.25 0.35 0.46 0.04 6.34 0.41 3.51 0.10 0.99 0.00 95.57 0.23 

 370 

Based on the inter-annual variation of the values of yearly WFI and landscape metrics, it 371 

is clear that the NPW class occupied the smallest part of the study area, and its pattern 372 

presented the lowest degree of connectivity and the highest degree of fragmentation. Such 373 

quantitative and configurational features remained stable over the 15 years. 374 

5.3 Spatial variation of the pattern of surface water dynamic scenarios 375 

Figure 6 presents the WFI map for the entire time period of 2002-2016. High water 376 

frequencies (i.e., WFI > 0.75) often occurred in lagoons of different sizes that were located in 377 

the upper, central and lower areas of the study area. Low water frequencies (i.e., 0.05 < WFI < 378 

0.75) often occurred around the lagoons. Those areas with WFI values between 0 and 0.05 379 

represented the non-water area. The three scenarios correspond to the PW, NPW and NW 380 

classes, respectively.  381 

 382 

Figure 6. Map of surface water frequencies covering the study area for the entire time series 383 
2002-2016.  384 
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Figure 7 presents the spatial distribution of the average value of the landscape metrics at 385 

the surface water level for the entire time series from 2002 to 2016. In the sub-area A, the cells 386 

solely included NPW patches, where the values of landscape metrics for PW were zero (see the 387 

grey cells in the sub-graphs of the bottom row in Figure 7), and the cells had relatively high 388 

values for ED, SHAPE_AM, AI and relatively low values for PD and DIVISION. That is to say, 389 

NPW had a high connectivity and low degree of fragmentation. In sub-area B, the cells solely 390 

included PW patches, where the values of landscape metrics for NPW were zero (see the grey 391 

cells in the sub-graphs of the top row in Figure 7). The remaining cells included both PW and 392 

NPW patches. However, most of these were occupied by PW patches (see the blue cells in the 393 

sub-graph to right of Figure 7). In the sub-area C, NPW presented relatively high values for PD 394 

and DIVISION, and relatively low values for ED, SHAPE_AM, and AI. This means that NPW 395 

had a low connectivity and high degree of fragmentation in this area.  396 

 397 

 398 

 399 

 400 
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 401 

Figure 7. Map of the average value of landscape metrics at the level of surface water scenario for the entire time series 2002-2016. The sub-graphs in top and bottom 402 
rows represent the landscape metrics of NPW and PW, respectively. The sub-graph in right represents the spatial location of PW and NPW cells in the study area. 403 
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5.4 Link between land use/land cover types and surface water frequency scenarios 404 

Figure 8 shows the results of the quantitative association between LULC types and water 405 

frequency scenarios (i.e., PW, NPW and NW) for the years of 2003, 2012 and 2015. Clearly, the 406 

consistent results were obtained for the three years. NPW mostly (i.e., the number in Figure 8 407 

greater than 10) appeared in these classes, including class 5 (i.e., arable lands), class 10 (i.e., 408 

sand beach and sand dune), class 11 (i.e., lagoon), class 12 (i.e., coastal wetlands) and class 13 409 

(i.e., salt marsh). PW mostly (i.e., the number in Figure 8 greater than 10) appeared in class 11 410 

(i.e., lagoon) and class 13 (i.e., salt marsh). NW appeared in most of the LULC classes for the 411 

three years. Therefore, human activities, such as agricultural irrigation in arable lands and salt 412 

production in salt marshes, were probably related to the surface water dynamic. However, the 413 

water dynamic also appeared in some natural land cover classes, such as the small lagoon 414 

located in the upper part of the study area (Figure 7) and the sand beach and sand dune. PW 415 

mostly consisted of natural water bodies in lagoons and artificial water bodies in the salt marsh 416 

resulting from continuous salt production.  417 

 418 

 419 

Figure 8. Heatmap of the number of cells having the same relationship of the matchup between 420 
LULC types and surface water scenarios for 2003, 2012 and 2015. The x-axis represents the 421 
number of different LULC types listed in Table 3, and the y-axis represents the water-related 422 
classes in three different years.  423 

In addition, the average values of WFI corresponding to different LULC types for 2003, 424 

2012 and 2015 are presented in Table 7. Consistent results were found for the three years that 425 

surface water occurred less often in class 5 (i.e., arable lands), class 10 (i.e., sand beach and sand 426 

dune) and class 12 (i.e., coastal wetlands), by comparison with class 11 (i.e., lagoon) and class 427 

13 (i.e., salt marsh).  428 

Table 7. Average values of WFI corresponding to different LULC types for 2003, 2012 and 2015. 429 

 Class 5 Class 10 Class 11 Class 12 Class 13 

2003 0.22 0.21 0.42 0.24 0.41 

2012 0.25 0.21 0.45 0.22 0.37 

2015 0.16 0.22 0.44 0.25 0.30 

6. Discussion  430 

This study performed a continuous monitoring of the spatio-temporal dynamic of surface 431 

water and water patch patterns in a Mediterranean lagoon complex, using all available Landsat 432 
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images during 2002-2016, water spectral index, real-time threshold values derived from the 433 

Otsu method, and landscape metrics. Moreover, a quantitative link between the surface water 434 

dynamic scenarios and different LULC types was established for understanding the potential 435 

driving factors of the surface water dynamic. Using this method it is possible to map the spatio-436 

temporal water variation in other coastal areas and could be useful for assessing the 437 

vulnerability of the environment due to intense human activities.  438 

In this study, although all three indices (i.e., NDWI, MNDWI and NDVI) obtained  439 

relatively high values of OA and Kappa using the multi-date assessment of classification (Table 440 

5), MNDWI was regarded as the optimal index as it could optimally reflect the real situation of 441 

surface water patches while comparing favorably with the others (Figure 4), and is thus more 442 

appropriate for computing landscape metrics.  443 

All available Landsat images were used over a relatively small study area to improve the 444 

accuracy of estimates of the yearly surface water dynamic, while the cloud and cloud shadow 445 

pixels were removed, and there was a data gap in the Landsat ETM+ images. However, only 446 

13 Landsat images in 2012 covering the study area resulted in missing values, which appeared 447 

as NoData in the WFI layer of 2012. This fact could explain the difference in the distribution of 448 

the number of pixels in the ten water frequency levels of 2012 compared to other years (i.e., the 449 

water pixels in the WFI layer of 2012 were relatively fewer than in other years) (Figure 5). To 450 

avoid this problem and to achieve robust results in the analysis of the link between LULC types 451 

and water dynamic scenarios, corresponding to the LULC maps of 2003, 2012 and 2015, we 452 

used all the water vs. non-water maps in the time intervals 2002-2004, 2011-2013 and 2014-2016 453 

for identifying the water dynamic scenarios (i.e., NW, NPW and PW classes) of 2003, 2012 and 454 

2015, respectively. Here, we assumed that there was no evident LULC changes in the three 455 

times intervals.  456 

It should be noted that a comparison of different sensors (i.e., Landsat 5 TM, Landsat 7 457 

ETM+ and Landsat 8 OLI) was not implemented in this study, but they do have different 458 

performances for surface water extraction using spectral indices [36,48]. The relative accuracy 459 

of each index also depends on the compositional and configurational features of surface water 460 

patches, water typologies, and thresholding methods [32]. 461 

This study was carried out in the Regional Natural Park of Narbonnaise where the coastal 462 

areas allow for a variety of human economic activities. Understanding the link between LULC 463 

types, especially land-use types representing different socio-economic activities, and surface 464 

water dynamic is important for developing a compromise between human activities and 465 

protection of coastal areas. We simply established a matchup between LULC types and surface 466 

water dynamic scenarios. The complete LULC maps were necessary for explaining the role of 467 

each LULC type in the surface water dynamic which is often difficult to do [49,50], especially 468 

in such a complex coastal area. Moreover, although there were evident changes of LULC for 469 

2003-2012, 2012-2015 and 2003-2015 in the study area, the impact of LULC changes on surface 470 

water dynamic was not quantitatively assessed, and this could be considered in further studies. 471 

As well as LULC factors, many studies have highlighted climatic factors (e.g. precipitation, 472 

evaporation and temperature) that could significantly affect the dynamic of surface water 473 

[24,51] and the connectivity between water patches in wetlands [52], and this should be taken 474 

into account in further studies.  475 

This study monitored not only the spatio-temporal variation of the compositional feature 476 

of surface water but also the spatio-temporal variation of configurational features of water 477 

patches. In fact, the landscape metrics are often sensitive to spatial scale [53]. Usually, the choice 478 

of an appropriate spatial unit for computing landscape metrics is determined by a multiscale 479 

analysis [54] or depends on the spatial scale of an ecological process [55]. In this study, 300 m 480 

x 300 m cells were selected as units of spatial analysis and that was a subjective choice.  481 

In this study, although all available 30 m Landsat images during 2002-2016 were used for 482 

detecting surface water, it was not possible to extract the small water patches and so these were 483 
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omitted from the analysis of the surface water dynamic. In future, time series Sentinel-2 images 484 

of 10 m could be considered in a study to compare the results obtained using 30 m Landsat 485 

images. Moreover, optical images often have limitations in areas with cloud cover and 486 

vegetation cover. Synthetic Aperture Radar (SAR) images overcome such barriers. They allow 487 

for earth observation under all-weather conditions and are able to identify vegetated water [56-488 

58]. A multi-temporal fusion of optical and SAR images (e.g. Sentinel-1 and Sentinel-2 images) 489 

might be more appropriate for studying the spatio-temporal water dynamic in areas with 490 

vegetation cover, which was not involved in this study.  491 

7. Conclusions 492 

This study continuously monitored the spatio-temporal dynamic of surface water patterns 493 

(i.e., both compositional and configurational features of the water patches in three surface 494 

water dynamic scenarios) in the Regional Natural Park of Narbonne during 2002-2016 using 495 

all available Landsat images, water spectral index, dynamic threshold segmentation and 496 

landscape metrics, and analyzed the role of LULC in the surface water dynamic by establishing 497 

a quantitative link between water dynamic scenarios and different LULC types. This study is 498 

an important step towards the management of coastal areas at surface water patch level.  It 499 

could also easily be applied to other similar areas, and provides baseline information for the 500 

environmental management and protection of such areas. 501 
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