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Abstract: - The Red Sea coastal area is characterized by a wealth of natural heritage and resources that present
an attractive element for tourism. It is considered one of Egypt’s important sectors for sustainable
development. At present, this area witnesses an extensive and diverse activities such as; tourism, industry,
harbors and fisheries. These anthropogenic activities may significantly impact the sea water quality. In this
paper we estimated some water quality parameters in the surface water of the Egyptian sector of the Red Sea
by processing MODIS satellite data using SeaDas software. These parameters include: Chlorophyll a
concentration (Chl-a), Total Suspended Matter (TSM), and Sea Surface Temperature (SST). A field trip was
conducted and several samples were collected representing different coastal water environments for validation
and verification. A comparison between the derived estimates and the concurrent bio-optical in situ
measurements of the same locations were performed and produced correlative results. Although the retrieved
and measured Chl-a and SST are well correlated, the TSM needed an offset for reasonable correspondence.
Therefore, the obtained results confirm that the enhanced sensitivity and coverage of MODIS data can provide
a significant tool for accurate assessment of water quality parameters.
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1 Introduction

The Red Sea coastal waters are subject to
considerable ecological pressure as a result of
domestic and industrial pollution discharges.
Consequently, water quality adjacent to utilized
areas should be periodically monitored. Attention
was focused on the Egyptian sector of the Red Sea
delimited geographically by latitudes 23° 00° N and
30° 00" N and longitudes 32° 20" E and 36° 40" E
approximately, as shown in Fig. 1. To fully benefit
from remote sensing data in oceanographic
assessment, it is necessary to use the data in synergy
with models through data assimilation methods. The
conventional measurement of water quality
parameters requires in situ sampling, analysis, and
measurements done in laboratories. These
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Fig.1. Location map of the study area

techniques are expensive and time consuming.
Ocean satellites offer rapid, concurrent and synoptic
observations which can be routinely acquired to
derive surface water quality parameters that cover
much of the coastal environment. These parameters
are the primary factor affecting ecological processes
and serve as indicators of ecosystem health.

Visible radiation is the only portion of the
electromagnetic spectrum that appreciably penetrates
into the water column. This capability permits the
retrieval of particulate and dissolved substance

concentrations and inherent optical properties within
the ocean’s surface layer. Infrared (IR) wavelengths
are well suited for sea surface temperature from
satellites because the earth’s thermal emission peaks
in the (IR) spectrum and the emissivity of water in
the IR is very close to unity. The basic idea of
remote sensing of water quality is to use the
differences in spectral reflectance. These spectral
differences of upwelling light (water-leaving
radiance) from a water body are primarily due to
light scattered in the backward direction off the



particles and molecules of seawater. This is the only
portion of the total observed radiance which
contains quantitative information, concerning the
concentration of ocean constituents, which are
measurable by remote sensing sensors from many
platforms. Consequently, these observed spectral
radiances could be decomposed and measurement of
the major water quality parameters (e.g., Chl-a,
TSM, and SST) could be quantified [1] after
correction of the sensor signal for atmospheric
absorption and scattering of the gases and aerosols.

The Chl-a concentration provides a measure of
phytoplankton abundance and biomass [2]. It is a
key input to the primary ocean production product
and a good trace of oceanographic currents, jets, and
plumes. The TSM is one of the most important
oceanographic parameters. It is responsible for
visible changes in surface waters. It is used in the
analysis of complex bio-optical properties of coastal
and estuarine regions. The global distribution and
variability of the SST are key inputs to earth energy,
hydrological balance, and long-term climate change
studies. Therefore, the main purpose of this study is
to employ the modern applications of remote
sensing observations on calculation and retrieval of
these geophysical water quality parameters, since it
was not used so far in the study area to the beast of
the author’s knowledge.

2 Materials and Methods

Satellite observations of ocean color began in 26
June 1978 with the first purpose-built oceanographic
satellite, Seasat 1. Since then, a wide range of
remote sensing satellites are designed and lunched to
improve the monitoring process of water
characteristics.  Their sensors require a set of
narrow, sensitive spectral channels, to remove
atmospheric effects and resolve the spectral signals
used to estimate water constituents [3]. Awareness
of the capabilities and limitations of the various
systems is the first step in selecting an appropriate
satellite to meet the needs of a specific application.
Therefore, in this study we used the Moderate
Resolution Imaging  Spectrometer (MODIS)
launched on AQUA in May 2002. It is a passive,
imaging spectro-radiometer with 36 spectral bands
that cover the visible and infrared spectrum. The
study area is covered by one MODIS satellite scene
acquired on 24 July 2006, as shown in Fig. 2.

Two general steps are required to obtain
quantitative estimates of various water constituents
from calibrated radiances measured by MODIS

Fig.2. MODIS satellite scene of the study area

satellite sensor. The first is removal of the effect of
the atmosphere (atmospheric correction). The
second is the derivation of water quality parameters
based on water-leaving radiance or surface
reflectance estimates [4]. In oceanic waters, with
knowledge of the spectral characteristics of their
constituents, reflectance models and ocean color
algorithms have been developed for estimating
seawater constituents from remote sensing [5]. Bio-
optical studies in various coastal waters have
demonstrated the need for empirical [6] and semi-
analytic [7, 8] algorithms in order to obtain better
estimates of various in-water constituents. The
empirical algorithms provide direct relationships
between ratios of remote sensing reflectance or
water leaving radiances and seawater constituents
such as Chl-a.

The SeaDAS (SeaWiFS Data Analysis System)
version 5.0.5 software was used to read, process,
and display the MODIS data files. This data was
subjected to multi steps processes and the used
algorithms provided a reasonable means to derive
sequences of water quality concentration maps of
coastal waters. The OC4 algorithm [9] was used,
which is a four-band maximum band ratio
formulation, to estimate Chl-a concentration from
atmospherically corrected satellite reflectance
signals, as shown in Fig. 3. Similar empirical
algorithm [1] has also been used for mapping TSM
distribution, as illustrated in Fig. 4, and finally [10]
algorithm was implemented to depict the MODIS
SST, as shown in Fig. 5.



Fig.4. Suspended matter concentration

Maximum benefits will be achieved when
satellite data are paired with concurrent field data. A
limited number of in situ measurements can provide
the ground verification and validation information
needed to extrapolate spatially over a coastal
environment using synoptic MODIS imagery [11].
Therefore, a field trip was conducted along the
coastal area of the Red Sea during the period of the
satellite pass (July 2006) for better correlation with
optical measurements. It resulted in acquisition of 8
geographically selected discrete water samples

Fig.5. Sea surface temperature distribution

representing different coastal water environments, as
shown in Fig. 6. These samples have been
laboratory analyzed (at the National Institute for
Oceanography and Fishery) for measuring different
water quality parameters (Chl-a and TSM).
Additional data were also recorded during this field
survey such as the exact geographic location using
(GPS) and the Sea Surface Temperature (SST).

Fig.6. The base map of the collected water samples
sites.



3 Results and Discussions

Tables 1, 2 represent the water quality parameters
values derived from MODIS and the in situ
measurements of the 8 locations of the field trip
respectively. After exploring the individual results,
the range and the form vary per parameter. For the
first parameter (Chl-a) to verify and validate the
implementation and to see if it performs well, a
comparison between the in situ measurements and
the MODIS derived values was carried out and
depicted in figure 7. One can see a reasonable
agreement between them with no significant
differences. However, the MODIS derived values
are a little bit underestimated with a Root Mean
Square Error (RMSE = 0.13). It should be noted that
the Chl-a MODIS derived value of the first location
site is slightly higher than the in situ measured one.
This result suggests that Chl-a value tend to increase
with the effect of bottom reflectance which
contributes to the water-leaving radiance in this
area.

Table 1: MODIS derived values at the 8 locations of the

field trip

Site Chl-a TSM | (SST)

No. Lat. Long. mg m™ mg/1 Cce°
1 [27°11 [33°50° | 0.54 039 | 28.33
2 [26°47 [33°56" | 032 024 | 28.60
3 [26°30" [34°00° | 0.09 0.14 | 28.69
4 |26°15 |34°12" | 0.09 0.15 | 28.80
5 |26°12° [34°13' | 0.08 0.14 | 28.90
6 |26°08 |34°14’ | 0.13 0.15 | 29.92
7 | 25°04" [34°45 | 0.15 0.13 | 30.30
8 [23°09 [35°36'" | 0.16 0.22 | 33.00

Table 2: The in situ measurements values of the 8 samples

Sites Chl-a TSM (SST)
Lat. Long. 3

No. mg m mg/1 (O
1 27° 11" | 33° 50’ 0.40 9.16 28.6
2 26° 47" | 33°56’ 0.39 9.13 28.6
3 26° 30" | 34° 00’ 0.23 8.28 29.1
4 26° 15" | 34° 12’ 0.29 9.45 29.1
5 26° 12" | 34° 13’ 0.17 12.11 | 29.3
6 26° 08" | 34° 14’ 0.22 1097 | 29.5
7 25°04" | 34° 45’ 0.28 8.33 29.9
8 23°09" | 35°36’ 0.29 13.09 | 334
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Fig.7. Relationship between MODIS derived Chl-a
and the in situ measurements values

For the second parameter (TSM), Fig. 8 shows
that the range of the MODIS TSM distributions is
underestimated (0.13 to 0.39 mg 1"'). From the
figure, although the in situ measured values are
relatively higher than the retrieved MODIS ones and
apart from the two irregularities at sites 5-8, after
correction with a calibration value (an offset = 9.5
mg 1), Fig. 9 shows a better correlation between
them overall (RMSE = 4.86). The calibration value
(e) is calculated for minimum RMS error using the
following equation:

RMS (E) = Square Root {3 (TD — Tm + £)* / N}

Where, TD is the derived value,
Tm is the measured value
¢ is the calibration value, and
N is the number of samples

For calculating ¢, the equation (dE/de) = 0 is solved.

It should be kept in mind that the data in this
study was obtained in limited field samples and
contain more spatial variations as a result of being
compared to the increased resolution of the MODIS
data (1.1 km). Also, the used empirical algorithm
may need to be optimized for regional coastal waters
to obtain better estimates of TSM concentrations.
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Fig.8. Relationship between TSM retrieved from
MODIS and the in situ measurements values
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Fig.9. The TSM relationship after the correction
with an offset

For the last parameter (SST), Fig. 10 depicts a
very well correlation and almost identical pattern
between them. The accuracy of derived SST
assessed by comparing them against in situ
measurements is less than 0.5°C and the RMSE
value is found to be 0.37.
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Fig.10. Comparison between MODIS derived SST
versus the in situ measurements values

Fig. 11 represents the RMSE values of the
three studied water quality parameters. The chart
reveals that the Chl-a estimates are the closer ones
(i.e., they have the best, minimum, RMSE values),
secondly are the SST, then the TSM values to

produce a satisfactory correspondence.
Consequently, these results verify the applicability
of the MODIS data and prove its mathematical
models excellent performance in calculation and
retrieval of geophysical water quality parameters
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Fig.11. RMSE values of the different water quality
parameters

4 Conclusions

Ocean satellites can offer rapid, concurrent and
synoptic observation to derive seawater constituents.
In this study MODIS satellite data and various
mathematical algorithms were used. Distribution,
concentration, and dispersal maps of different water
quality parameters (Chl-a, TSM, and SST) have
been generated. The results were validated by using
concurrent data sets of 8 different in situ field
measurements acquired on July 2006. Comparisons
were carried out and showed that for the Chl-a and
the SST distributions the relationship between the
derived and the measured ones are very well
correlated (RMSE= 0.13 and 0.37) respectively,
While the concentration of TSM needed an offset
for satisfactory correspondence (RMSE= 4.86).

The capability in applying concurrent
MODIS data and minimized in situ measurements
are the main advantages of using bio-optical
mathematical models in calculation and retrieval of
geophysical water quality parameters. Moreover, the
enhanced sensitivity and coverage of the MODIS
sensors provides a number of significant
improvements and excellent pathway to prepare for
future  sensors  (e.g., the  Visible/Infrared
Imager/Radiometer Suite (VIIRS). New generations
of geostationary, hyperspectral, and high-resolution
satellite sensors will allow for longer data collection.
Along with the improvements in the atmospheric
correction algorithms and the quality of the sensors
received signal, better and accurate estimates of
water quality parameters can be obtained.
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