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Abstract. The biophysical properties of intertidal sediments highly affect the stability of an inter-

tidal area. Therefore, the characterization of intertidal sediments according to major biophysical 

properties is essential to understand this sediment stability. Remote sensing technology has been 

offering great alternatives to classical field data collection methods, where images give full spatial 

coverage of the study area instead of a set of distributed sampling locations within the study area 

that are intended to be representative of it. Various methods have been used to characterize sedi-

ment properties using remotely sensed imagery, including the highly popular pixel-based super-

vised classification. The typically considered biophysical properties are grain-size distribution, or-

ganic matter content, moisture content, and chlorophyll a content. To carry out a supervised image 

classification, variable classes have to be specified in advance. In literature, these classes have 

been selected using various scientific or case-dependent justifications due to the challenging fuzzy 

nature of sediment properties. For example, the limits between wet and dry or sandy and muddy 

sediments are not easily defined as hard boundaries. Due to this case-dependent nature of the clas-

sification, comparing classified imagery of different study sites or different images of the same site 

has not been practical. This paper addresses the possibility of finding site-dependent classes, in-

stead of case-dependent classes for the classification of the IJzermonding, an intertidal flat in Bel-

gium. This is carried out using field spectra of two independent field campaigns on the 

IJzermonding. The possibility of obtaining thresholds for the different properties of this site using 

unsupervised classification is first investigated. The study shows that possible thresholds could be 

obtained, and each threshold separates a pair of classes for each property, i.e. 20% for moisture 

content, 3% for organic matter content, 80mg/m
2
 for chlorophyll a content, and 10% for mud con-

tent. These obtained thresholds are in the range of thresholds commonly used in literature. When 

compared to a number of other typically used thresholds, they showed higher classification accu-

racy. 
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1. Introduction 

The importance of physical and biological characteristics of sediments in determining sediment 

stability leads to a need for frequent field data collection to successfully monitor an intertidal flat. 

Yet, on such flats, traditional field sampling is often inefficient or unattainable, and covers the study 

area via sampling locations that are assumed to be representative. Remote sensing offers a more 

practical and comprehensive alternative to traditional field sediment characterization and has been 

utilized to distinguish and quantify sediment properties [1], [2], [3]. 

Intensive work has been done to enhance both supervised and unsupervised classification pro-

cedures for sediment characterization, whereby techniques and algorithms of various ranges of 

complexity have been developed [4]. Depending on the nature of the study area and the number and 

type of the pre-defined classes that can be discriminated in a statistically correct manner, supervised 

classification can vary in difficulty. For example, defining lake and forest classes for landuse classi-

fication is relatively simpler than defining the boundary between classes of moisture content in the 
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sediments, due to the gradual variation in sediment properties on tidal flats. Generally, sediment 

classes have been determined using case-specific field data or from experience and intuition, 

whereby the class boundaries for a sediment property were often defined using an ad-hoc procedure 

to end up with an equivalent number of field samples in each class [5]. Some studies based their 

choices of classes on their experience and knowledge of the study areas [6], [7], [8] or on erosion 

shear stress [9]. Some grain size classes were defined by merging commonly used classifications 

based on ternary plots [10]. Furthermore, some researchers chose the classes such that they were 

physically meaningful and led to a similar distribution of the field samples for each class [2], [11]. 

Finally, various images of different study sites were classified using the same classes, which were 

obtained from on a combined view of all the available field data [12]. 

This case and site dependency of these classes makes it complicated to compare different classi-

fied images of the same area. This leads to difficulties in carrying out a multi-temporal study using 

classification techniques. Although these classes have led to good classification results, classifica-

tion accuracy can increase when classes are chosen to reflect changes in spectra with respect to a 

considered property. In what follows, a methodology is proposed which uses the spectral behavior 

of the data with respect to variation in a sediment property as a suitable basis for choosing sediment 

classes of a study site. This is carried out using field spectra and field data accompanied by airborne 

hyperspectral imagery on one study site. The field spectra and data are used to find adequate classes, 

and imagery is used to test the suitability of these classes. 

2. Study area and data acquisition 

The study area is “the IJzermonding”, an intertidal flat located at the outlet of the IJzer river at 

the Belgian coast (Figure 1). It is a nature reserve that consists of dunes, marshes, and mudflats with 

a total area of 130 hectares. In 1994, this study site - as part of the IJzer valley - became a part of 

the EC Special Protection area for birds. In 1999, a restoration project was carried out where build-

ings, docks, and most constructions were removed. This created larger areas of mudflats and 

marshes, where the stability of these mudflats assures the nature reserve’s well-being. 

 

Figure 1. The location of the IJzermonding 
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3. Flight campaigns 

On the 17th of June 2005, and the 12th of June 2007 images of the IJzermonding were acquired 

in cloud-free conditions by means of the Airborne Hyperspectral Sensor (AHS). 

4. Field campaigns 

Field campaigns were carried out on the intertidal flat, at low tide, to accompany the acquired 

images. For each campaign, sampling sites were chosen such that the highest diversity in sediment 

properties was included. The coordinates of the sampled sites were determined by a Differential 

Global Positioning System (DGPS) and surface reflectance measured by an Analytical Spectral De-

vice (ASD) spectrometer. The ASD spectrometer records the reflectance in the visible, near-infrared 

and shortwave infrared region of the spectrum with a spectral resolution of 3 nm for the region 350–

1000 nm and 10 nm for the 1000–2500 nm region. 

 

Figure 2. The distribution of sediment properties of 2005 samples 

 

Figure 2. The distribution of sediment properties of 2007 samples 
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In 2005, 28 sites were sampled four days before the flight (Figure 2). To account for the vari-

ability within one pixel, two or three replicate samples, within 2 meters, from the site were taken 

leading to 80 measurements in total. Surface sediment was collected and analyzed for chlorophyll a 

content (chl a), moisture content (MC), organic matter content (OM), and grain size distribution. In 

2007, the field campaign was carried out 8 days after the overflight. Field sampling at 63 sites was 

performed, and only one sample was taken at each site. Samples were analyzed for MC, grain size 

distribution, and chl a content. The sediment properties distributions of these samples corresponding 

to these two properties are shown in are shown in Figure 2, and Figure 3 where mud content refers 

to refers to cohesive particles smaller than 63μm. 

5. Methodology 

5.1. Overview:  

It is not common to have reflectance from imagery correspond to the exact time of field sam-

pling. Therefore, due to the high temporal variability of the sediment, there is always an uncertainty 

in linking field data to image spectra. For this reason, the ASD spectra are used for this analysis, as 

they were collected simultaneously with the field samples, and thus offer a great opportunity to 

minimize uncertainties in linking reflectance spectra to the sampled locations. 

The field spectra are first classified in an unsupervised manner. Then, the sediment properties 

corresponding to each cluster are investigated. On this basis, thresholds for sediment classes are 

chosen. In a last step, the images accompanying the field spectra are classified in a supervised man-

ner using the thresholds set in the previous step.  

Through classification, the affiliation of feature vectors to specific groups are assigned by con-

ditional probabilities, which represent the probability of an unknown feature vector to belong to a 

class. These are referred to as a posteriori probabilities. Depending on the classification approach, a 

classifier computes either the maximum of these probabilities or the maximum of a defined function 

of them. An unknown feature vector is then assigned to belong to the group corresponding to this 

maximum. 

5.2. Unsupervised classification:  

The first step in unsupervised classification is finding structure in a collection of unlabeled data 

using clustering techniques. Clustering partitions a data set into a defined number of clusters for 

which the a posteriori probabilities are not known. In this paper, the data sets are ASD spectra of 

each field campaign. The Mixture of Gaussians approach is used for the classification using the 

procedure described by [13] and [14]. 

Dimensionality can be a critical factor for image classification, whereby a successful reduction 

of the number of dimensions can lead to an increase in computational efficiency and classification 

accuracy [15], [16], [2]. For the unsupervised classification, the high dimensionality of the field 

spectra is reduced by spectral resampling to the spectral resolution of the airborne image corre-

sponding to each considered field campaign. 

5.3. Linking field samples to unsupervised classification:  

The second step in the process is to identify the distribution of the field samples in the resulting 

clusters. The field samples are grouped according to their clusters of affiliation. Then, they are ad-

dressed regarding each considered sediment property, i.e. moisture content, organic matter content, 

chl a content, and mud content. Spectrally significant thresholds per property can be then chosen. 
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These thresholds can indicate the spectrally distinguishable classes for each individual sediment 

property. 

5.4. Supervised classification:  

The field data used for classification are divided into the property classes according to the 

thresholds found as explained above. A part of the data set is used to train the classifier. Then, the 

supervised classifier predicts the class of each of the remaining unknown pixels in the image. In the 

validation phase, using the remaining data, the ability of a classifier to correctly classify the data 

can be assessed. In this work, for illustration purposes, Support Vector Machines (SVM) was used 

for the classification [17], [18]. It is a binary classifier that has been widely used for the classifica-

tion of hyperspectral data. The classification accuracy was then measured using the kappa statistic 

(K), which describes the proportion of correctly classified field samples after random agreements 

are removed [19]. 

6. Results 

6.1. Unsupervised classification of the data:  

Each ASD data set of each campaign is considered. Each data set is classified in an unsuper-

vised manner using the MG approach, leading to three clusters for 2005 and four clusters for 2007 

data. 

6.2. The distribution of field data within the resulting clusters:  

Figure 4 and Figure 5 show the distribution of properties within the clusters of field spectra.  

 MC shows the clearest distinction between around 20%. Thus, MC is considered “low” 

when below 20% and “high” otherwise.  

 OM shows distinction in reflectance when a threshold is set between 2% and 4% organic 

matter content. 3% is chosen as the threshold: “low OM” for organic matter below 3% and 

“high OM” otherwise.  

 Chl a groups are not well distinguished in the 2005 cluster analysis. Yet, in the 2007 data 

sets, a possible threshold can be considered around 80mg/m
2
. Thus, chl a content is consid-

ered “low” when below 80mg/m
2
 and “high” otherwise.  

 In the 2005 data set, possible patterns can be considered around 10% mud content. Thus, 

MUC is considered “low” when below 10% and “high” otherwise.  

6.3. Supervised classification of hyperspectral imagery:  

For illustration purposes, the airborne hyperspectral image acquired by AHS in 2005 is classi-

fied using the classes achieved from the unsupervised classification. Furthermore, the classification 

accuracy is compared to other common thresholds used in literature. Table 1 shows the classifica-

tion accuracy in terms of kappa statistic. Figure 6, Figure 7, Figure 8, and Figure 9 show the classi-

fication results of the 2005 image with respect to each sediment property using the obtained thresh-

olds. 
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Figure 3. Distribution of sediment properties within the clusters of 2005 field spectra 

 

Figure 4. Distribution of sediment properties within the clusters of 2007 field spectra 

 

Table 1. Classification accuracy using the thresholds achieved from the unsupervised classification (in bold) and other 

typically used thresholds. 

Property Threshold Kappa 

MC 

20% 0.95 

25% 0.88 

30% 0.85 

OM 

3% 0.88 

4% 0.82 

10% 0.75 

Chl a 
40 mg/m

2
 0.32 

80mg/m
2
 1.0 

MUC 
10% 0.83 

30% 0.7 
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Figure 5. MC classification of AHS 2005 of the IJzermonding using 20% threshold (left: classified image, right: mean 

spectrum for each class) 

 

 
Figure 6. OM classification of AHS 2005 of the IJzermonding using 3% threshold (left: classified image, right: mean 

spectrum for each class) 

 

 

 
Figure 7. Chl a classification of AHS 2005 of the IJzermonding using 80mg/m2 threshold (left: classified image, right: 

mean spectrum for each class) 
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Figure 8. MUC classification of AHS 2005 of the IJzermonding using 10% threshold (left: classified image, right: 

mean spectrum for each class) 

7. Conclusions 

The study suggests a method to choose classes for intertidal sediment properties based on the 

spectral behavior of image reflectance with respect to variation in a sediment property. This is car-

ried out using field spectra and field data accompanied by airborne hyperspectral imagery on one 

study site. The field spectra and data are used to find adequate classes, and imagery is used to test 

the suitability of these classes.  

The study shows that possible thresholds could be obtained using the suggested methodology. 

These thresholds are to separate a pair of classes for each property, i.e. 20% for moisture content, 

3% for organic matter content, 80mg/m2 for chlorophyll a content, and 10% for mud content. These 

obtained thresholds are in the range of thresholds commonly used in literature. When compared to a 

number of other typically used thresholds, they show higher classification accuracy. 

The study shows the potential of obtaining standard classes for the IJzermonding. Yet, other 

field campaigns and imagery are to be used in order to assess the applicability of these thresholds as 

the flat evolves. Furthermore, a similar study should be carried out on other intertidal flats to com-

pare the obtained thresholds to those of the IJzermonding. 
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