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Abstract 
 

Shoreline extraction algorithms from multispectral 

imagery depend on threshold selection over spectral 

values and segmentation in general. Although this 

method gives high performance values for water 

delineation, error is accumulated on pixels near 

shoreline and complicates detection of nearby ships, 

docks etc. Water-shadow spectral mixing and spectral 

difference in water regions are two of the reasons for 

such untrustworthy shoreline results. With only four 

bands available, improvement in water detection 

depending only on pixel values is not very promising. 

Therefore, segmentation gains importance. By an 

edge-aware segmentation method, we aim to improve 

overall water and shoreline detection performances.  

In this study, a robust three-stage shoreline 

extraction algorithm is proposed. In the first stage, 

segmentation is applied over spectral values and then, 

some segments are combined according to edge 

information. In the second stage of the algorithm, 

pixel-based water information is combined with 

segmentation. The last step consists of enhancement of 

water regions based on local optimization by merging 

regions near shore boundary. Additionally, two new 

boundary-sensitive performance metrics are 

introduced for measuring the accuracy of the detected 

boundaries.  

 

1. Introduction 
 

Accurate shoreline detection has great importance 

as a prior step of land use/land cover (LULC) 

monitoring and planning. In order to extract shoreline 

accurately, a robust water detection algorithm is 

crucial. In multispectral images, water areas give 

reflectance near to zero in near-infrared (NIR) band 

and by taking difference of NIR value and green band 

value, they can be differentiated from green land or 

soil areas [2]. Nowadays, normalized difference water 

index (NDWI) analysis or NIR band analysis are used 

for this task [1, 2]. In this study, dynamic threshold 

selection is applied on NIR values for IKONOS 

images, and on NDWI values for GEOEYE images for 

detecting water.   

Recently, region-based approaches have taken 

place of pixel-based ones in literature [3]. However, 

unlike Di et al. in [3], we do not need human 

interaction to extract shoreline correctly. Another 

comprehensive study that uses segmentation for 

coastline extraction is presented in [4]. We embrace 

and use the idea of local boundary optimization rather 

than global thresholds, yet in a much simpler concept.  

  In this paper, we propose an edge-aware 

segmentation method based on popular mean shift 

algorithm and steerable filter responses [5, 6]. First, 

images are segmented by mean shift algorithm 

according to their spectral values. Then, segments are 

merged if there is no strong steerable filter response 

separating them and their spectral characters are 

similar. Steerable filter response, which is obtained 

from water index, gives maximum response at borders 

of light to dark area transitions. Thus, it gives a 

continuous high response over shoreline. Information 

about dataset used in this study can be found in next 

section. The shoreline detection algorithm is explained 

in detail in third part, while proposed performance 

metrics can be found in fourth section. Then, results 

are presented, and paper is concluded with an 

evaluation of the suggested method.  



2. Dataset 
 

Dataset contains three IKONOS and seven 

GEOEYE images, most of which have ships along 

shoreline, making the process more challenging. All 

images in the dataset have a 2-meter resolution. The 

total length of shoreline tested is approximately 160 

km. Figure 1 shows a sample GEOEYE image. 

 

 
Figure 1. GEOEYE sample (RGB) 

 

Ground truth data for all images have also been 

prepared to be used during performance evaluation.  

 

3. Proposed Algorithm 
 

3.1 Pixel-based Water Detection 
 

In the literature, a constant threshold value which is 

tuned according to dataset is used in many studies. 

However, to adapt to image-specific reflectance 

characteristics, dynamic threshold selection is 

preferred in this study. Two different strategies are 

applied while determining dynamic thresholds. NIR 

histogram is analyzed as described in a previous study 

for IKONOS images [7], wKLOH� 2WVX¶V� PHWKRG� LV�

applied on NDWI histogram for GEOEYE images [8] 

computed from the following equation: 
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(1) 

 

The result of applying Otsu¶s threshold over NDWI 

output of sample image can be seen in Figure 2.  

 

 
Figure 2. Water mask of sample after applying 

dynamic threshold 

 

3.2 Edge-aware Segmentation  
 

First, an over-segmented map is obtained by mean 

shift algorithm on red-green-blue (RGB) spectral 

values. Mean shift segmentation parameters are 

selected as range = 3, spatial = 3, min. size = 50.  Edge 

information is integrated in the following manner: 

 

1) NDWI output is processed using steerable filters, 

giving high responses especially over the shores. 

The response image of the sample can be seen in 

Figure 3. This image holds information about the 

boundaries which should be preserved.  

 

2) Each segment pair is given a score based on their 

color information, average steerable filter 

response value inside them and on their common 

boundary, as follows: 
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Notation of the formula (2) is: 
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w1, w2  and w3 are given equal weights.  

 

3) A 100-bin histogram of the given scores is 

calculated, and their distribution is examined. A 

score threshold T is learned from the dataset. 

 

4) All segment pairs having a score below T are 

merged to obtain larger, homogenous regions. 

  

Segments obtained after this process are 

homogenous in terms of spectral values and do not 

contain high steerable filter edges inside them.  Raw 

and processed segmentation maps of sample image 

can be found in Figure 4.  

The reader should be aware that not all water 

regions can be merged together. The fact is that 

finding an optimal threshold T that works for all 

images is impossible, and we choose to set it a low 

value (9/100) to stay on the safe side. The optimality 

of the result is obtained using a second region merging 

method that works completely locally in Step 3.4. 






