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Abstract—This paper proposes an unsupervised algorithm
for automatic detection and segmentation of upwelling region
in Moroccan Atlantic coast using the Sea Surface Temperature
(SST) satellite images. This has been done by exploring the
Expectation-Maximization algorithm. The good number of clusters that best reproduces the shape of upwelling areas is selected
by using the two popular Davies-Bouldin and Dunn indices.
Area opening technique is developed that is used to remove and
discarded the residuals noise in offshore waters not belonging to
the upwelling region. The complete system has been validated
by an oceanographer using a database of 30 SST images of the
year 2007, demonstrating its capability and robustness for precise
detection of Moroccan coastal upwelling.
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I.

I NTRODUCTION

The Moroccan Atlantic coast located in the central canary
current system is characterized by persistent and variable
upwelling throughout the year [3]. In fact, the upwelling is
a wind-driven ocean process, which brings cooler, saltier,
and usually nutrient-rich deep water upward to replace surface water displaced offshore due to Ekman transport. The
upwelling waters stimulates the growth and reproduction of
primary producers such as phytoplankton, and consequently
play a major contribution in the fisheries management and
also in the study of the oceanic circulation and dynamics [7],
[4]. The upwelling phenomenon is evidenced at the surface
by the presence of cool temperatures and high chlorophyll-a
concentrations in onshore waters [2].
The increasing demand and rapid expansion of the satellitederived products of the ocean have allowed the scientists to
replace the labor intensive manual interpretation of the satellite
data made by the oceanographers by an automatic detection
[10], [6]. In particular, the infrared images of the ocean
obtained from Advanced Very High Resolution Radiometer
(AVHRR) sensor onboard the NOAA satellite are often rich
in oceanographic structures and have been frequently used to
study the sea surface temperature patterns related to upwelling
activity [10], [6], [19].
A number of automated techniques and algorithms have
been proposed in order to detect and localise the upwelling
features in SST images. These algorithms vary in complexity
from simple classification and thresholding methods [19], [13]
to histogram analysis [15] and structure growing process [12].
These wide range of developed algorithm reflects the nature
of the problem encountered when attempting to analyse the

oceanographic data; namely cloud contamination, artifacts,
strong morphological variation and the absence of valid analytical model for the upwelling structures.
Tamim et al. [19] were the first investigators to show that
classification of the SST images using any of the two strategies
of partitioning, fuzzy or hard, leads to similar and satisfactory results. The investigators were specifically interested in
detecting the Moroccan coastal upwelling in infrared satellite
imagery. The algorithm used respectively the Otsu’s and Fuzzy
c-means algorithms as underlying hard and fuzzy clustering
strategies to generate a labelled images with homogenous and
non-overlapping temperatures. Then region-growing process is
used to automatically segment and extract the upwelling area
from the remaining residuals offshore waters.
Nieto et al. [15] developed an edge detection algorithm
for the automatic detection of oceanographic features in SST
images. The algorithm is based on the analysis of the bimodality of the image, and the edge is considered to be present if
the algorithm detect two different population. The result is
series of thermal fronts which separating two waters masses
of distinct temperatures.
Marcello et al. [12] have combined two approaches in order
to detect the upwelling area in SST images. The latter started
with the initial structures detection to obtain preliminary coarse
segmentation based on the structure analysis and thresholding
stage, followed by structures growing step in order to attain the
fine detail of the upwelling structures, based on the watershed
transform. The algorithm has been tested and validated over
database of multisensorial images.
The main aim of this paper is to provide a simple tool for
automatic detection and segmentation of upwelling area in the
coastal ocean of Morocco using the well-known classification
algorithm.
The rest of this paper is organized as follows: Section 2
presents the database and the geographic area used in this
study. The proposed methodology to detect and segment the
upwelling area in the SST images are listed in Section 3.
Section 4 highlights the results and the validation of the
algorithm. Finally, Section 5 gives our conclusions and future
work.
II.

S TUDY AREA AND DATA

A total of 30 AVHRR SST images of the year 2007 covering the southern part of Moroccan Atlantic coast (spans from
20°500 - 27°520 N and 13°50 - 20°100 W) are used throughout
this study in order to test and validate the applicability of our
proposed approach for the automatic detection of upwelling
region. The database were received and processed at the Royal
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Fig. 1: SST images obtained on (a) 2007-07-26 and (b) 200709-10, showing two upwelling scenarios.

allow objects to belong to several clusters simultaneously, with
different degrees of membership. In this study we have used
the expectation-maximization algorithm as underlying hard
clustering techniques.
The expectation-maximization (EM) algorithm [5] is considered to be an appropriate optimization algorithm for constructing proper statistical models of data. It provides a probabilistic clustering where each data element has a certain
probability of being a member of any cluster. EM is widely
used in applications such as computer vision, speech processing and pattern recognition [14]. In fact, EM starts with an
initial estimate for the missing variables and iterates to find
the maximum likelihood (ML) for these variables. Maximum
likelihood methods estimate the parameters by values that
maximize the sample’s probability for an event. EM is typically
used with mixture models.
•

Centre of Remote Sensing (CRTS) of Morocco including
geometric, atmospheric and radiometric corrections.
The cloud and land masks are applied to each image in
order to reduce the number of contaminated pixels in the input
SST image, and they are generated by using a sequence of
multispectral contrast, spectral, and spatial signature threshold
tests to perform the classification of the pixel as cloud pixel
[18]. The size of each SST images is 714 × 750 pixels with
a spatial resolution of 1.1 × 1.1 and each pixel represent a
temperature in Celsius degree. In order to help and facilitate
the interpretation made by the users or oceanographers for the
detection of upwelling areas in SST image, a color scale of 25
levels is applied for each image.
Fig. 1(a) shows two SST upwelling scenarios encountered
throughout this study: 1) SST images with clear, visible and
well-define upwelling structure in the Moroccan Atlantique
coast (Fig. 1(a)); 2) SST images where the presence of cloud
contamination and artifacts affect the continuity of upwelling
structures along the coast (Fig. 1(b)). The gray color region
on the right side of the SST images in Fig. 1(a) and (b)
corresponds to Moroccan land, whereas the white pixels in
the ocean correspond to cloud pixels.
III.

T HE PROPOSED ALGORITHM

A. Clustering algorithm
The main aims of cluster analysis [11] is the classification
of patterns and objects according to similarities among them,
and then organizing data into clusters. Generally, the cluster is
a group of patterns that are more similar to one another than
to members of other clusters.
The clustering techniques [1] are among the unsupervised
methods when the only data available are unlabelled, and no
structural information about it is available. Different classifications approaches can be distinguished depending on the
algorithm used: Partitioning, hierarchical, graph-theoretic, and
methods based on objective function. In this work we are
focused on the partitioning approach, especially for hard clustering methods. In fact, one possible classification of clustering
methods can be according to whether the clusters are fuzzy
or hard. Hard clustering methods are based on classical set
theory, and require that an object either does or does not
belong to a cluster. In contrast, Fuzzy clustering methods

Initialization step: initialize the hypothesis θ 0 =
(µ10 , µ20 , · · · , µK0 )
θk0 = µk0
(1)

Where K is the current number of Gaussians. σ is the standard
deviation, θ 0 is the estimate at 0th iteration and µ is the mean.
•

Expectation step: estimate the expected values of the
hidden variables zi j (mean and standard deviation)
using the current hypothesis θ t = (µ1t , µ2t , · · · , µKt )
E(Zik ) =

exp[−

(xi −µkt )
]
2σ 2
(xi −µ tj )2

∑Kj=1 exp[−

2σ 2

(2)
]

Where t is the number of iteration, E(zik ) is the expected value
for the hidden variables (namely mean and standard deviation),
k is the dimension, σ is the standard deviation.
•

Maximization step: provides a new estimate of the
parameters.
∑n E(zik )xi
(3)
µkt+1 = i=1
∑ni=1 E(zik )

•

Convergence step: if kθ t+1 − θ t+1 k stop (finish iteration); otherwise, go to step 2.

The hidden variables are the parameters of the model.
In our case we use mixtures of Gaussians; hence our hidden variables are the mean and standard deviation for each
Gaussian distribution. We start with an initial estimate of
those parameters and iteratively run the algorithm to find the
maximum likelihood for our estimates. For convergence we
run it number of times so that the values stop increasing.
B. Optimal Number of Clusters
Once the collection of hard c-partitions labeled images
are generated, one needs to determine the optimal number of
clusters, c∗ -partition, which better reproduces the shape of the
SST patterns. Indeed, the clusters validity indices are widely
used to evaluate the c-partitions and then extract the optimal
number of clusters.
A number of validity indices for hard clustering exist in
the literature [22], [21], all of which have a common goal to
find the clustering which results in compact clusters that are
well separated. In particular, the Davies-Bouldin (VDB ) [8] and
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Fig. 3: Binary image result after the application of the
expectation-maximization algorithm the two SST images in
Fig. 1, with the automatic selection of the number of clusters
using the Davies-Bouldin and Dunn’s indices.
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Fig. 2: Results of the validity indices with EM algorithm using
respectively the VDB and VDI indices to the SST images in
Fig. 1(a) ((a) and (b)) and Fig. 1(b) ((c) and (d)).

Dunn’s (VDI ) [9] indices have been frequently used due to their
computational efficiency and effectiveness for estimating the
good number of clusters [16].
Davies-Bouldin index is a function of ratio of the
sum of within cluster scatter to between cluster scatter
[16]. The optimal cluster number c∗ is found by solving
mincmin 6c6cmax VDB (c) to produce the best clustering performance for data. In other hand, the Dunn index is a ratio of
within cluster and between cluster separations. The number
of clusters that maximizes the VDI index is taken as the optimal number of clusters, maxCmin 6C6Cmax VDI (c). Consequently,
these two indices are used in the current work to assess the
quality of the obtained hard c-partitions. Hence, the best cpartition is obtained by taking respectively the global minimum
and the global maximum of VDB and VDI indices with respect
to c = 2, 3, ..., cmax .
The results of the two validity indices (VDB and VDI ),
applied to the original SST images in Fig. 1 using the EM
algorithm with number of cluster varying from cmin = 2 to
cmax = 7, are shown in Fig. 2.
As shown, the absolute extremum of the four curves is
reached by the cluster number c∗ = 2, which is consistent with
the suitable number of cluster to reproduce the areas covered
by upwelling waters for SST images in Fig. 1, and also for all
the images analyzed in this study.
Once the labeled image is generated using the expectationmaximization algorithm with the optimal number of clusters,
c∗ = 2, the upwelling area is defined as the clusters with the
lowest mean value, based on the fact that the upwelling region

is characterized by a cold temperature waters compared to the
offshore warmer waters [19].
Fig. 3 shows the binary image results after the application
of the expectation-maximization algorithm with the automatic
selection of the number of clusters using the Davies-Bouldin
and Dunn’s indices.
C. Segmentation algorithm
The binary images results in Fig. 3 include the upwelling
area plus additional noise structures in offshore waters not
belonging to the upwelling region, mainly due to the cloud
contamination pixels which are not properly masked by the
cloud detection algorithm used in this study [18]. Therefore,
a segmentation procedure is required consisting on the application of the area opening algorithm to remove pixels and
contiguous regions faraway from the coast, not belonging to
the upwelling waters. The area opening is a transformations
using a structuring element which locally adapts its shape to
the image structures, and therefore filtering out small regions
(lower than a given threshold) without damaging the remaining
structures in the images [20]. An evaluation has been carried
out for this study using the 30 SST AVHRR images, in order to
select a single threshold value that remove the noisy structures
from the images. After an extensive evaluation, good results
are obtained by the threshold value of 200 pixels. So, each
regions less than 200 pixels, will be discarded from the given
image. Fig. 4 shows the results of the area opening algorithm
applied to the binary images of Fig. 3 with the thresholding
value fixed at 200 pixels. As we can see, all the remaining
pixels in offshore waters have been removed and separated
from the upwelling area.
IV.

E XPERIMENTAL R ESULTS AND D ISCUSSION

The performance of the proposed methodology of segmentation of Moroccan coastal upwelling in SST images
has been tested by using the visual inspection made by
the oceanographer based on the scientific knowledge of the
Moroccan atlantic coast. The in-situ measurement, e.g., buoys
data, can give us a sounder support to the results obtained
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Fig. 4: Retrieved upwelling areas using the area opening
algorithm of the two binary images results of Fig. 3.
0

by the proposed algorithm. However, these measures are very
complex to establish and would be extremely challenging for a
use in coastal zone context, because of lack of these measures
for all the satellite data and for every specific region in the
study area. In this sense, it is a well-known fact that validation
in the case of ocean data is often and truly performed by
assessing the results by professional oceanographers [19], [13],
[17], which has been done in the case of this work.
The oceanographic interpretation is applied in order to
check if the proposed approach correctly identify the upwelling
area over the 30 SST images. For this purpose, four grades
are used: ”Bad”, ”Poor”, ”Good” and ”Excellent”. The grade
”Bad” is attributed when the upwelling area is not welldelimitated, and ”Excellent” is reached when the upwelling
region is correctly segmented. The results of the oceanographer
interpretation are presented in Fig. 5.
As we can see, the Fig. 5 shows that the grades ”Bad” and
”Poor” reached respectively the values 3% and 7%, resulting in
a total of 10% of 30 SST images. In other hand, the values of
51% and 39% are reached respectively by the grades ”Good”
and ”Excellent”, making a total of 90%. After this evaluation
of the segmentation methodology, over this representative
database, we can conclude that the proposed algorithm has
provided satisfactory results.
V.

C ONCLUSIONS AND F UTURE W ORK

In the present research we have presented a classification
methodology for automatic detection and segmentation of Moroccan coastal upwelling using the SST images. The algorithm
is started with the application of Expectation-Maximization
algorithm followed by cluster validity indices, for the purpose of generating labeled image with homogeneous groups
of pixels and no-overlapping classes. Then a segmentation
procedure is developed to eliminate isolated components, in
offshore waters, not belonging to the upwelling structure, based
on the area opening algorithm. The algorithm is applied and
tested over 30 AVHRR SST images on board the NOAA
satellite serie and evaluated using the scientific knowledge of
the Moroccan costal upwelling provided by the oceanographer.
The proposed algorithm has demonstrated a great performance
for automatic detection of upwelling region in coastal region
of Morocco for majority of images used in this study. This
work can be continued in order to investigate the interannual

Bad

Poor

Scale grades

Good

Excellent

Fig. 5: Qualitative interpretation made by the oceanographer
of the 30 SST images for the proposed approach using the
Expectation-Maximization.

variability of the upwelling in terms of upwelling activity, and
also the objective of using this segmentation methodology to
other satellite data products, such as the remotely sensed seasurface chlorophyll field, to give us a sounder support to the
results already obtained.
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