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Abstract—In this paper we aim to present a new methodology
to derive rigorous SST-based coastal upwelling index for the
purpose of conducting a saisonal variablity of upwelling area
along the Moroccan Atlantic coast. The method is based on
the scientiﬁc knowledge of upwelling area and its spatial distribution provided by expert oceanographers.The latter consists
in automatically identify and extract the region covered by the
upwelling waters in the costal ocean of Morocco using the Fuzzy
c-means algorithm and ﬁnding regions of homogeneous pixels.
Then Region Growing process is used to ﬁlter out the remaining
noisy structures in the offshort waters. The methodology is used
to provide a satistical view of the spatial and temporal variability
of the Moroccan upwelling activity. The relevance of the proposed
Coastal Upwelling Index (CUI) is evaluated by an oceanographer
using 86 8-days sea surface temperature images and it is shown
to be superior to that of the standard upwelling index.
Index Terms—Sea surface temperature, Coastal Upwelling
Index, Fuzzy clustering algorithm, unsupervised classiﬁcation.

I. I NTRODUCTION

For this purpose, the remotely Sea Surface Temperature
(SST) provides a quantitative and synoptic overview of thermal
characteristics in the ocean including the surface of upwelled
water which is a potential proxy of the upwelling intensity.
In fact, the remote sensing is widely applied technique in the
detection of coastal upwelling [1]. particularly, the thermal
infrared image of the ocean obtained from the Moderate Resolution Imaging Spectroradiometer (MODIS) sensor aboard
Terra spacecraft, are frequently used to detect the thermal
upwelling front. Generally, the detection of upwelling areas
has been made by oceanographers using high resolution color
scale map for each image, which can be very time consumingprocess due to the enormous amount of daily data.
The remainder of this work is structured as follows: Section
II presents the database used throughout this work. Section III
and IV describes methodologies used to improve the SSTbased coastal upwelling index, while section V reports the
experimental results and analysis. Finally, a conclusion is
drawn in section VI.

T

HE coastal ocean of Morocco which is part of the Eastern
Boundary Upwelling Ecosystems is characterized by the
presence of upwelling phenomenon. This coast is forced by
the equator-ward trade winds that lead to the upward pumping
of cold intermediate water. The phenomenon can be identiﬁed
by seasonally variable low sea surface temperature (SST) and
nutrient-rich water in coastal area.
The Moroccan coastal upwelling is a part of The canary
current system that extends from the Iberian Peninsula to
the south of Senegal, characterized by persistent and variable
upwelling all around the year, making it rich in ﬁshery
resources [7]. In fact, the evolution of the pelagic ecosystem of
this region is inﬂuenced by the high dynamics and variability
in space and time of this phenomenon largely dependent on
the winds regime changes.
The classical way to quantify the intensity of upwelling is by
computing Ekman transport. The wind-based upwelling index
can be interpreted as the water ﬂux theoretically transported
offshore by the wind stress from the coastal upward ﬂux of
colder water, assuming an inﬁnite ocean [6]. But this classical
way do not consider bathymetricy the continental shelf and
therefore cannot render the complexity of the two dimensional
spatial structure of the upwelling such as coastal upwelling
cells, cape effects and ﬁlaments [2].

II. REGION OF INTERSET AND DATASETS
A. MODIST SST
MODIS-T SST data were extracted from the Physical
Oceanography Distributed Active Archive Center (PODAAC)
with spatial resolution of 4×4km, covering the southern
part of the Moroccan Atlantic coast spans from 20◦ 380 28◦ 270N and 11◦ 170 - 23◦ 00W . Each SST image is deﬁned
by 176×176 pixels, and each pixel contain temperature information in Celsius degrees.
8-day MODIS-T SST images are used to provide a coarse
segmentation of upwelling areas, covering the years 2007 and
2008. the weekly synthetic data is chosen as a compromise
between the variability of the pixel values and the necessity to
provide a continuous spatio-temporal coverage. A color scale
is applied to our database, in order to help the oceanographer,
getting the best contrast deﬁnition for a good visualization
of upwelling area. Fig. 1 shows an image selected from
our database illustrating an upwelling scenario encountered
throughout this work.
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where n is the length of the vector X presenting pixels of
a given SST image. V = {v1 , v2 , ...., vn } vector of cluster
prototypes and U = [µik ] is the fuzzy partition matrix which
presents the degree of belonging for each pixel xk to a given
cluster ci . The weighting exponent m controls the fuzziness
of membership values, which vary from [1, ∞[. An increase
of m lead to an increase of fuzziness partitions. In our work,
we set this parameter to 2.
The objective function (1) can be seen as a measure of the
total variance of xk from vi . The minimization of the objective
function (1) represents a nonlinear optimization problem that
can be solved by using respectively the following cluster
centroids and membership functions :
vi =

µik =

Σnk=1 (µm
ik )xk
,1 ≤ i ≤ c
n
Σk=1 (µm
ik )
1

2
?xk −vi ? (m−1)
Σcj=1 ( ?x
)
k −vj ?

, 1 ≤ i ≤ c, 1 ≤ k ≤ n

(2)

(3)

The goal here is to iteratively improve a sequence of sets
of fuzzy clusters through those equations until no further
improvement is possible for the objective function.
B. Optimal number of clusters

Fig. 1: SST image obtained on 2007-10-29.

III. UPWELLING DETECTION METHODOLOGY
A. Clustering technique
In clustering [14] we try to identify groups of pixels because
they are somehow similar to each other, when the only data
available are unlabeled, and no structural information about
it is available. Depending on the nature of the data and the
purpose for which clustering is being used, different measures
of similarity may be used to place items into classes.
The existing clustering methods can be grouped into two
categories, fuzzy [11] and hard [9]. In hard clustering, data is
divided into distinct clusters, where each data element belongs
to exactly one cluster. In fuzzy clustering, data elements can
belong to more than one cluster simultaneously, with different
degrees of membership.
One of the most widely used fuzzy clustering algorithms
is the fuzzy c-means algorithm, which attempts to partition a
ﬁnite collection of n pixels X = x1 , ..., xn into a collection
of c fuzzy clusters with respect to some given criterion. Given
a ﬁnite set of pixels, the algorithm returns a list of c cluster
centres C = c1 , ..., cc and a fuzzy partition matrix, which
presents the degree of belonging for each pixel xk to a given
cluster ci . The FCM algorithm is applied to minimize an
objective function called c-means functional:
2

Jm (X; U, V ) = Σnk=1 Σci=1 (µik )m ?xk − vi ?

(1)

In unsupervised classiﬁcation, the number of clusters is
rarely known apriori, and in order to have the optimal number
of classes it must be chosen with great care. Several methods
have been proposed to automatically determinate the number
of clusters which better ﬁts the data [8], which can be done
by using validity indices for several values of c and then
evaluate the goodness of the obtained c-partition, which can
be very time consuming for large datasets. Also depending
on the nature of the datasets that present spatial information,
which can be the main limitations of these indices.
Due to the nature of our study area, covering the southern
part of Moroccan Atlantic coast, characterized by a strong
and variable upwelling throughout the year, and based on
the scientiﬁc and technical knowledge of the coastal ocean
of Morocco, we thus set the number of clusters to 2 (c=2)
in order to separate the cold water near the coast form the
warmer in the offshort direction.
Fig. 2 shows the image result after the upwelling detection
methodology. The red region on the image corresponds to
upwelling area, and the blue pixels correspond to offshore
waters non affected by the coastal upwelling. Whereas the
white color correspond to the missed data.
C. Upwelling extraction
In addition to the Upwelling area, The Upwellig detection’s
output include some additional noise structures faraway from
the coast, not belonging to the upwelling region such as cloud
not properly masked and isolated cold water. For that reason
and based on the fact that all pixels pertaining to the upwelling
must have connectivity with the coastline, a segmentation
procedure is required consisting on the application of the
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Fig. 2: Binary image result of the SST image in the Fig. 1,
after the application of the FCM algorithm.

Fig. 3: Binary image result of the SST image in the Fig. 1,
after the application of the Region-growing algorithm.

IV. SST- BASED UPWELLING INDEX
Region-growing algorithm to remove those isolated pixels in
the offshore direction.
The Region-growing algorithm is a simple region-based
image segmentation method that examines neighboring pixels
of initial seed points and determines whether the adjacent
pixel should be added to the region [3][16]. This method
aims at grouping a set of pixels according to homogeneity
and adjacency criteria [13]. In this work, we have chosed 8connected neighborhood for the adjacency criteria. Since the
output of the upwelling detection step present a binary image,
the stop condition is the value 0. Fig. 3 shows the results of
the Region-growing algorithm applied to the binary images
of Fig. 2, where remaining pixels in offshore waters have
been removed. Fig, 4 shows the ﬁnal segmentation achieved
by the proposed methodology, where the upwelling areas are
automatically contoured.
The proposed methodology is used to improve the SSTbased coastal upwelling index based on the nature of the
upwelling area which can be deﬁned by a continuous area
of minimum SST, and can be done by using FCM clustering
algorithm.
The way both thermal references were chosen in the literature was always arbitrary. Our contribution to this classical
SST-based upwelling index is to improve the way to properly
deﬁne and extract these two thermal references.

Many methods have been proposed in the literature [17]
[5] as a simple thermal difference (∆T ) between the coastal
and the offshore SST taken at the same latitude, in order
to estimate the latitudinal and temporal variability of the
intensity of the upwelling. Formulation is therefore very
simple:
CU Isst = SSTof f shore (max) − SSTinshore (min )

(4)

A. Identiﬁcation of the SSTmin
All previous SSTmin are deﬁned as the minimum SST
recorded in the coastal band from the coast up to the distance
of the continental slope. Whereas the coastal reference itself is
measured over various widths. The most coastal SST chooses
500 km from the coast as the SSTmin reference. Whereas [12]
used it as the offshore position.
In our work the SSTmin is deﬁned as the minimum value
measured along the perpendicular line to the parallel of
the coastline within the extracted upwelling area with FCM
clustering algorithm, to avoid having a static upwelling area.
Let Gc (pc (i, j)....pc (i, j)) be group of pixel with Homogeneous temperature, where c is the number which represent the
Upwelling cluster. and f1 (x, y)...fk (x, y) perpendicular lines
to the coast.
the vector of the minimum SST values is represented as:
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V. EXPERIMENTAL RESULTS AND ANALYSIS

SSTmin

1...k

= p(xi , yi ) ,





arg min p(x, y)
xi,yi

(x , y ) ǫ f1...k (x, y)

 i i
p(xi , yj ) ǫ Gc

(5)

B. Identiﬁcation of the SSTmax
The maximum temperature, noted SSTmax is chosen as the
offshore temperature, which used to be the coastal SST where
the inﬂuence of the upwelling is expected to be insigniﬁcant.
All preceding SST-based indices make chose SSTmax from
various locations at arbitrary distances from the coast, [12]
choose the offshore position at 500 km from the coast,[15]
found that the general patterns of the spatio temporal variability of their SST-based index were similar within the range
400-1000 km offshore. [10] chose the SST average in the band
located within 500-700 km from the coast.
In our work we use a ﬁxed distance of 700km outside the
extracted upwelling area, which make it a dynamic area to the
coast line in latitude according the intensity of the upwelling,
following the same perpendicular line to the parallel of the
coastline used before to calculate the SSTmin . The vector of
the maximum SST values is represented as:

max p(x, y)

 arg
xi,yi
SSTmax 1...k = p(xi , yi ) , (xi , yi ) ǫ f1...k (x, y) (6)


p(xi , yj ) ǫ Gof f
where Gof f is the group of Homogeneous pixel that represent
the offshore waters. Fig. 4 shows how both SSTmin and
SSTmax must be chosen.

Fig. 4: Final segmentation achieved by the proposed methodology where the upwelling was delimited by the black color.
Example of how both sstmin and sstmax were chosen within
a perpendicular radial to the coast

Based on well-known fact that validation in the case of
ocean data is often and truly performed by assessing the results
by professional oceanographers [4] , the performance of the
proposed methodology has been validated by the oceanographer over the data set of 86 SST images, basing on the
scientiﬁc and technical knowledge of the Moroccan atlantic
coast.
Throughout this evaluation, we used 4 grades: ”Poor”,
”Acceptable”, ”Good” and ”excellent” to check if the proposed
yield to a satisfactory identiﬁcation of the upwelling area
without over or missing-detection. ”poor” is assigned when
the upwelling areas is not well delimited by the algorithm, and
”excellent” was assigned when the areas is well delimited.
The results of the oceanographer interpretation for the proposed methodology are presented in Fig. 8, as we can see
the grade ”poor” reached the value 4.6% demonstrating the
robustness of the proposed methodology in term of over or
missing-detection. For the ”Good” and ”Excellent” values of
50% and 38.4% are achieved. Overall, 88.4% were reached
by the two grades ”Good” and ”Excellent” together.
After evaluating the proposed methodology, over this representative database, we can conclude that the proposed algorithm has provided satisfactory and promessing results.
The calssical CUI used to choose the SSTmin within a
random static area, while our one use to extract it from an
homogeneous and continuous area of minimum SST extracted
using the FCM algorithm. The proposed method avoid falling
in spatial isolated pixel, not belonging to coastal upwelling
such isolated cold waters and cloud pixels, as shown in
Fig. 5 where the only homogeneous pixels representing the
upwelling area were contoured. While using the classical way,
the SSTmin will falls on one of those pixels, giving by that a
wrong spatial upwelling intensity as shown in Fig. 6. In this
ﬁgure, the intensity is very higher between latitudes 26◦ N
- 28◦ N and 25◦ N - 25.5◦ N due to the presence of cloud
pixels and isolated cold water respectively. However a wrong
spacial upwelling intensity can be easly detected, while it’s
impossible when it comes to the seasonal variability, which is
computed by averging spatial intensities of the upwelling in a
given period of time, including those miscalculated intensities,
giving by that wrong seasonal variability of the CU Isst .
The upwelling area is presented as the homogeneous areas near
the coast presenting the cold upward waters, which can take
various forms and extensions due to the spatial and seasonal
variability of the wind stress, and by using the classical way,
we may skip some inshore minimum SST due the the arbitrary
offshore position.
The proposed methodology is used to provide a spaceseasonal variability of the CUI, and this Coastal Upwelling
Index is analyzed by averaging the latitudinal intensities of
upwelling in a given season. Fig. 7 shows a spacial variability
of the upwelling intensity all around the year, presenting the
same tendency fo the 4 seasons in general, with important
intensity in the summer, where the upwelling intensity is
higher along the whole coast with maximal value of 6◦ caught
between latitude 22◦ N and 22.5◦ N . In the winter season, the
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Fig. 5: Right) Upwelling area was contoured, where all isolated pixel were eliminated. Left) Spatial coastal upwelling
index using the proposed method.
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Fig. 7: Space-seasonal variability of the CU Tsst , averaged
over the 86 SST images.
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Fig. 6: Right)An example of the inshore of the classical
way. Left) Spatial coastal upwelling index using the proposed
classical way.
upwelling intensity shows the lowest values along the coast.

VI. C ONCLUSION
This paper deals with the developement of a new methodology to improve the SST-based CUI, by considering the nature
of the upwelling areas and its dynamical spatial distribution.
The improvement over simplest SST-based indices was in the
extraction procedure of the minimal SST reference, which start
by the delimitation of the upwelling area which performed
under two step, the ﬁrst one was to identify the upwelling
area as an homogeneous set of pixel, while the second is to
extract and ﬁlter out the noisy structures in the offshore waters
not belonging to the upwelling area by using region-growing
process. In summary, the proposed methodology has demonstrated an excellent performance and rigorous calculation of
the coastal upwelling index.
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