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Abstract: The Arabian Gulf is a highly turbid, shallow sedimentary basin whose coastal areas have
been classified as optically complex Case II waters (where ocean colour sensors have been proved to be
unreliable). Yet, there is no such study assessing the performance and quality of satellite ocean-colour
datasets in relation to ground truth data in the Gulf. Here, using a unique set of in situ Chlorophyll-a
measurements (Chl-a; an index of phytoplankton biomass), collected from 24 locations in four
transects in the central Gulf over six recent research cruises (2015–2016), we evaluated the performance
of VIIRS and other merged satellite datasets, for the first time in the region. A highly significant
relationship was found (r = 0.795, p < 0.001), though a clear overestimation in satellite-derived Chl-a
concentrations is evident. Regardless of this constant overestimation, the remotely sensed Chl-a
observations illustrated adequately the seasonal cycles. Due to the optically complex environment,
the first optical depth was calculated to be on average 6–10 m depth, and thus the satellite signal is
not capturing the deep chlorophyll maximum (DCM at ~25 m). Overall, the ocean colour sensors’
performance was comparable to other Case II waters in other regions, supporting the use of satellite
ocean colour in the Gulf. Yet, the development of a regional-tuned algorithm is needed to account
for the unique environmental conditions of the Gulf, and ultimately provide a better estimation of
surface Chl-a in the region.
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1. Introduction

The Arabian Gulf (alternatively referred to as the Persian Gulf in the literature and hereafter
referred as the Gulf) is a marginal semi-enclosed basin that is located in a subtropical, hyper-arid
region. The Gulf is characterized by extreme environmental conditions where sea surface temperature
varies seasonally from 15–36 ◦C [1] and salinity can exceed 70 psu along the southwestern coast [2].
The extreme temperature and salinity in the Arabian Gulf is probably pushing many species near their
physiological limits [3,4]. Despite such harsh environmental conditions, the Gulf hosts a wide range
of marine ecosystems such as mangrove swamps, seagrass beds, and coral reefs, providing valuable
ecosystem services to neighboring countries. These ecosystems host an assorted marine biodiversity
as they form shelter, feeding, and nursery grounds for a variety of marine organisms [5,6]. Thus, they
play a significant role in the overall productivity of marine resources in the Arabian Gulf [7]. However,
they experience constant, growing pressure from multiple anthropogenic sources in the Arabian Gulf
region [1].
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The Arabian Gulf (Figure 1a) is the most active oil production and trade area in the world [8];
it is also considered among the highest anthropogenically impacted regions on Earth [9]. The Gulf
is witnessing a continuous and unprecedented development and growth in human population
in its coastal zone, which is accompanied by increasing exploitation of resources and demands
of services from the marine environment. This introduces huge stressors from multiple sources
such as discharges from coastal dredging operations, effluents from power and desalination plants,
petrochemical industries, expansion of harbor and port facilities, increased shipping and associated
ballast water discharge, and effluents from sewage treatment plants [2]. The cumulative effects from the
aforementioned multiple stressors are mostly contributing to an evident decline in the Gulf’s marine
life [10]. Thus, it is crucial to monitor and assess the health of the ecosystem and water quality at the
Arabian Gulf. Globally, many studies used phytoplankton species or biomass (Chl-a) as an important
indicator of water quality [11]. To monitor, assess, and ultimately step in sustainable management of
marine resources [12], it is necessary to provide long-term information on phytoplankton dynamics.
However, in situ measurements serving that purpose are scarce in the Gulf due to time and cost
demands. Alternatively, satellite ocean colour sensors have been depicted as excellent tools for
monitoring the marine environment. The colour of the ocean is a good indicator of Chl-a, the primary
photosynthetic pigment found in phytoplankton [13]. Satellite sensors have provided, over the last
two decades, unique near-real-time observations on surface marine productivity [14,15].

Despite the advantages of remote sensing measurements of ocean colour, the usage of such
tools in the Gulf is limited, probably due to the lack of information on their performance and
reliability in the region. Indeed, previous attempts have been limited to the spatio-temporal
description of phytoplankton biomass [16,17], and detection of harmful algae blooms/red tide [18,19].
To acquire reliable information from the remotely sensed datasets, a comparison against in situ
measurements in the Arabian Gulf is a prerequisite to effectively inferring marine primary productivity
(or phytoplankton biomass) using remote-sensing information [16]. This is particularly important
for regions such as the Gulf that embrace areas that are classified as optically complex Case II water
regions [17]. The Gulf is a turbid, shallow sedimentary basin (with an average depth of 35 m [1]), and in
such waters, suspended sediments—particulate matter and/or dissolved organic matter (CDOM)—do
not co-vary in a predictable manner with Chl-a [20]. To our knowledge, satellite-derived ocean colour
data have never been validated with in situ data in the Arabian Gulf.

Using a unique set of in situ fluorometric chlorophyll measurements—collected in six cruises from
24 locations down four transects over 18 months (2015–2016)—in the central Arabian Gulf, we aim to
evaluate the performance of satellite sensors in their ability to retrieve reliable Chl-a concentrations
that enable understanding regional temporal and spatial trends and variabilities. The first optical
depth (signal penetration in the water column) in relation to the Deep Chlorophyll Maximum (DCM)
is also investigated.

2. Methodology and Data

2.1. In Situ Data

Six consequent seasonal scientific cruises (April 2015, June 2015, November 2015, February 2016,
April 2016, and September 2016) were carried out on the Qatar University Research Vessel (RV) Janan.
In each cruise, a total of twenty-four stations were sampled for Chl-a concentrations. The study area is
located at the northern and northeastern regions of Qatar’s Exclusive Economic Zone (EEZ) (Figure 1a).
Four transects were covered with six equidistant stations at each transect. The first near shoreline
station of each transect is located approximately 20 km away from the shoreline where the depth is
greater than 10 m. The distance between the stations within a transect is about 10 km. Continuous
fluorescence vertical profiles were collected down to the bottom of each of the 24 stations. The in
situ measurements of fluorescence were obtained from the calibrated Sea-Bird Scientific WET Labs
ECO-AFL/FL fluorometer attached to the CTD (for Chl-a descriptive statistics refer to Table S1).
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Figure 1. Bathymetry of the Arabian Gulf and ocean colour data availability (a) Sampling stations 
along Qatar’s Exclusive Economic Zone (EEZ). The red circles denote the total of 24 stations spread at 
the northern and northeastern parts of the EEZ. The inset panel shows the Arabian Gulf, Shatt 
Al-Arab region and the study area outlined with a red polygon representing Qatar’s EEZ. (b) Ocean 
colour Chlorophyll-a measurements (Chl-a) maps for July 2009: the left panel was produced using 
only MODIS Level 3 data, illustrating a poor data coverage over the Arabian Gulf region. In contrast, 
the right panel was produced using OC-CCI data showing an improved coverage of the Arabian 
Gulf by utilizing merged sensors’ datasets.  

2.2. Satellite Data 

2.2.1. Chlorophyll Data 

The Ocean Colour Climate Change Initiative (OC-CCI) project, one of fourteen European Space 
Agency (ESA) CCI projects, was launched to produce a long-term, consistent, error-characterized 
time series of ocean-colour data for use in climate-change studies [21]. To create a time-series of 
satellite data, the OC-CCI project implemented the use of three ocean-colour satellite platforms: the 
Medium Resolution Imaging Spectrometer (MERIS) of ESA (2002–2012), the Moderate Resolution 
Imaging Spectro-radiometer (MODIS) of NASA (2002–present), and the Sea-viewing Wide 
Field-of-view Sensor (SeaWiFS) of NASA (1997–December 2010) [15,22,23]. Thus, the OC-CCI 
dataset consists of a time-series of merged and bias-corrected MERIS, MODIS Aqua and SeaWiFS 
data at 4 km-by-4 km resolution [24]. The OC-CCI dataset is freely available and accessible on the 
project website [25]. Further information on OC-CCI processing and documentation can be found at 
[26].  

In the present study, we used OC-CCI products to calculate the seasonal climatologies of Chl-a 
concentrations, due to its improved coverage in the Arabian Gulf region compared with individual 
sensors such as MODIS (Figure 1b). To demonstrate the improved data coverage between single 
sensors and the OC-CCI dataset, we compared OC-CCI data with MODIS Level 3 Chl-a data 
(downloaded from the NASA OceanColor archive website [27]) for July 2009. The MODIS sensor 
appeared to have severe issues in retrieving measurements of Chl-a during July, possibly due to the 

Figure 1. Bathymetry of the Arabian Gulf and ocean colour data availability (a) Sampling stations
along Qatar’s Exclusive Economic Zone (EEZ). The red circles denote the total of 24 stations spread
at the northern and northeastern parts of the EEZ. The inset panel shows the Arabian Gulf, Shatt
Al-Arab region and the study area outlined with a red polygon representing Qatar’s EEZ. (b) Ocean
colour Chlorophyll-a measurements (Chl-a) maps for July 2009: the left panel was produced using only
MODIS Level 3 data, illustrating a poor data coverage over the Arabian Gulf region. In contrast, the
right panel was produced using OC-CCI data showing an improved coverage of the Arabian Gulf by
utilizing merged sensors’ datasets.

2.2. Satellite Data

2.2.1. Chlorophyll Data

The Ocean Colour Climate Change Initiative (OC-CCI) project, one of fourteen European Space
Agency (ESA) CCI projects, was launched to produce a long-term, consistent, error-characterized time
series of ocean-colour data for use in climate-change studies [21]. To create a time-series of satellite
data, the OC-CCI project implemented the use of three ocean-colour satellite platforms: the Medium
Resolution Imaging Spectrometer (MERIS) of ESA (2002–2012), the Moderate Resolution Imaging
Spectro-radiometer (MODIS) of NASA (2002–present), and the Sea-viewing Wide Field-of-view Sensor
(SeaWiFS) of NASA (1997–December 2010) [15,22,23]. Thus, the OC-CCI dataset consists of a time-series
of merged and bias-corrected MERIS, MODIS Aqua and SeaWiFS data at 4 km-by-4 km resolution [24].
The OC-CCI dataset is freely available and accessible on the project website [25]. Further information
on OC-CCI processing and documentation can be found at [26].

In the present study, we used OC-CCI products to calculate the seasonal climatologies of Chl-a
concentrations, due to its improved coverage in the Arabian Gulf region compared with individual
sensors such as MODIS (Figure 1b). To demonstrate the improved data coverage between single sensors
and the OC-CCI dataset, we compared OC-CCI data with MODIS Level 3 Chl-a data (downloaded
from the NASA OceanColor archive website [27]) for July 2009. The MODIS sensor appeared to
have severe issues in retrieving measurements of Chl-a during July, possibly due to the combined
presence of clouds and haze during summer, which resulted in very few observations over the Arabian
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Gulf Region (Figure 1b). The OC-CCI dataset had the advantage of improving spatial and seasonal
coverage in the Gulf (Figure 1b), which allows the investigation of summer Chl-a variability in the
Arabian Gulf. Steinmetz et al. [28] reported a significantly higher number of observations in the
Arabian Sea when using the atmospheric correction algorithm POLYMER for processing MERIS data.
Similarly, Racault et al. [29] have shown a significant increase in OC-CCI data coverage in summer
months in the Red Sea. To create the seasonal climatologies of chlorophyll in the Arabian Gulf, the v2,
monthly composites of chlorophyll data were acquired from the OC-CCCI website covering the period
September 1997 to December 2013 (16 years). The seasonal climatologies were plotted using Matlab 8.5
(R2015a) from Mathworks. As described by Grant et al. [30], the products of OC-CCI (v2) have some
validity in case II waters, since the in situ data sets used in the round robin algorithm experiments,
included data from case II waters [30]. A total of 12 monthly averaged maps of OC-CCI chlorophyll
data were generated along with 16-year monthly time-series climatologies of Chl-a averaged over
the Arabian Gulf. Based upon detailed examination on the Chl-a datasets (seasonal patterns in space
and time), we aggregated the datasets into four main seasons, namely winter (December–February),
spring (March–May), summer (June–August), and autumn (September–November). These seasons
well represent the overall spatiotemporal variability of chlorophyll in the region.

2.2.2. Calculation of the First Optical Depth

To elucidate what the surface satellite-derived Chl-a actually represents, and to understand
how deep the satellite signal penetrates in the water column of the Arabian Gulf, the diffuse
attenuation coefficient (Kd(490)) was estimated. The attenuation coefficient is commonly used in
optical oceanography to describe how the visible light in the blue-green region of the spectrum gets
attenuated by the water column and thus is used as a measure for water clarity [31]. The OC-CCI Kd
product is computed from the inherent optical properties (IOPs) at 490 nm and the sun zenith angle
(θ), using the Lee et al. [32] algorithm [30].

The first optical depth was calculated Z90 = 1/Kd(490) and the seasonal climatologies of first
optical depth in the Arabian Gulf were generated for the period of September 1997 to December 2013.

2.2.3. Comparison of Satellite-Derived Chlorophyll with In Situ Fluorescence

The OC-CCI data are not (yet) available for the year 2016. Thus, and since our in situ data were
collected during 2015 and 2016, we opted to use an available up-to-date single satellite sensor to make
use of all our in situ measurements in the comparison experiment. The in situ measurements were
averaged over the first optical depth (10 m). We followed a similar protocol as in [24,33] with minor
modifications. A 3 × 3 box centered around the location of the in situ measurement were extracted
and the values within the box limits were averaged. The in situ Chl-a data were matched up in time
(daily temporal matchup) and space (latitude and longitude) with the daily Chl-a data from the Visible
Infrared Imaging Radiometer Suite (VIIRS), which was launched by NASA in 2011 and provides global
coverage twice a day at 750 m resolution across its entire scan (downloaded from the NASA Ocean
Color archive website (http://oceandata.sci.gsfc.nasa.gov)). Due to hazy and cloudy sky conditions
during most of our sampling dates, we chose to select a 1-day interval for the matching up in time [34].
Out of a total of 144 in situ data points, 29 VIIRS match-ups were obtained, 11 for November 2015,
10 for February 2016 and 8 for April 2016. Approximately 80% of our in situ data points were not used,
primarily due to issues in atmospheric conditions.

To estimate the errors between in situ and satellite-derived data, several methods are used in the
literature ([34,35], Table 1). Here, a set of statistical indicators were used to assess the performance/quality
of satellite sensor in estimating Chl-a concentrations in the Arabian Gulf. These include the Pearson
correlation coefficient (r), the root mean square (RMS), and the mean difference (bias). Following
Zhang et al. [35] and Marrari et al. [36], the root mean square (RMS; Equation (1)), and the mean difference
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(bias; Equation (2)) were used as measures to describe the similarity/difference between the two different
data sets.

RMS % =

√
1
n

n

∑
i=1

(xi)
2 × 100 (1)

bias % = x =

(
1
n

n

∑
i=1

xi

)
× 100 (2)

x =
S − I

I
(3)

where stands for satellite data, I for in situ data, and n is the number of matching pairs. For a
normally distributed dataset (i.e., x) RMS should equal to standard deviation. Furthermore, because
the natural distribution of Chl-a is lognormal [37], error estimates were also made on the logarithmically
transformed (base 10) data:

log _RMSE (∆) =

√
∑[(log(S)− log(I))]2

n
(4)

log _bias(δ) = ∑[log(S)− log(I)]
n

(5)

Note that the later errors cannot be expressed as percentage after logarithmic transformation.
These error estimates have been used in the literature to describe the performance of the ocean colour
algorithms [38] and to validate SeaWiFS and MODIS global and regional estimates of Chl-a [35,36].

3. Results

3.1. Seasonal Variablity of Satellite-Derived Chloropyll

The seasonal climatologies of Chl-a concentrations during the period 1997–2013 are depicted
in Figure 2, illustrating distinct temporal and spatial patterns of surface Chl-a. Overall, the Chl-a
concentrations in the Arabian Gulf were characterized by winter maximum and spring minimum.
The highest Chl-a values (averaged over the whole Gulf, 1.65 ± 0.52 mg·m−3) were detected during
the winter season, where the majority of the Gulf regions’ primary productivity reaches its maximum.
However, the southern-most Gulf region, located at the southeastern coast of Qatar, appeared to
show its highest Chl-a concentration earlier in the autumn in comparison to the open region of the
Gulf. During Spring, Chl-a patterns depicted the lowest concentrations (averaged over the Gulf,
1.35 ± 0.68 mg·m−3) in the Gulf. The low concentrations continued during summer, whereas in
autumn there was an apparent increase in Chl-a concentrations (Figure 2). In addition, Chl-a values
appeared to be higher at the shallow coastal regions of the Gulf compared to the open-water regions.
Except for the Shatt Al-Arab plume zone at the northern west part of the Gulf (Figure 2, dashed-line
box), which is a nutrient-rich area due to the river discharge, the high Chl-a concentrations at the other
very shallow coastal regions of the Gulf could be artifacts due to overestimation of the remotely sensed
Chl-a as a result of bottom reflectance [17].

The 16-year monthly time-series climatologies of Chl-a, averaged over the open-water region of
the Arabian Gulf, are reported in Figure 3a. The minimum concentrations were found in April with
an average value of 0.67 ± 0.12 mg·m−3. After this minimum, Chl-a concentrations were gradually
increasing through summer and autumn, where maximum concentrations observed in winter months,
January and February (1.24 ± 0.21 and 1.27 ± 0.28 mg·m−3 respectively). A similar seasonal trend
was identified in our study area, which lies in the middle of the open region of the central Gulf
(Figure 2, solid-line box). The monthly averaged Chl-a time-series in our study area, over the period
1997–2013, showed a prominent maximum in February 1.46 ± 0.37 mg·m−3 and a minimum in April
0.78 ± 0.19 mg·m−3 (Figure 3b). Based on our in situ Chl-a time-series (Figure 3b, average of 24 stations
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per season) followed the seasonal Chl-a patterns retrieved from OC-CCI data, with maximum winter
concentrations (February, 0.46 ± 0.30 mg·m−3) and minimum in spring (April, 0.20 ± 0.09 mg·m−3).
Moreover, it is obviously noticed from Figure 3b that the satellite-derived Chl-a data is higher than in
situ Chl-a, which indicates that the satellite sensors are systematically overestimating Chl-a. Overall,
our study area (where the in situ data have been sampled) appeared to be a good representation of the
open region of the Arabian Gulf. Despite the fact that the satellite sensors seem to represent adequately
the seasonality of Chl-a at the Gulf, there is a clear overestimation of Chl-a values.
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vertical Chl-a profiles, based on the overall average of twenty four stations (Figure 1) per season, are 

Figure 2. Seasonal climatologies of surface Chl-a (mg·m−3) in the Arabian Gulf, based on
satellite-derived Ocean Colour Climate Change Initiative (OC-CCI) datasets. The depicted climatologies
data are calculated based on 16 years of data (1997–2013). The dashed-line box indicates the Shatt
Al-Arab zone, and the solid-line box indicates the study area where the in situ samples were collected.
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Figure 3. Monthly time-series climatologies of Chl-a (mg·m−3). (a) Red series represent the open region
of the Arabian Gulf. Climatology calculated as monthly average over 1998-2013.Vertical error bars
indicate ± standard deviation (b) Black series represent the study area, grey dots represent in situ Chl-a
averaged over first optical depth, and the red dots represent OC-CCI Chl-a data averaged on sampling
months. Vertical error bars indicate ± standard deviation.

3.2. Seasonal In Situ Vertical Chl-a Profiles

To further clarify if the satellite-derived Chl-a data represent adequately the seasonality of Chl-a
in the Arabian Gulf, the seasonality of a set of in situ data was considered. The seasonal in situ vertical
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Chl-a profiles, based on the overall average of twenty four stations (Figure 1) per season, are shown in
Figure 4a,b. Initially we assessed every single continuous profile for each of the sampling transect, and
observed that within a season the profiles were very similar across the study area. Thus, we decided
to provide the area-averaged profiles for each season, to highlight the seasonal variability within
the study area. The maximum in situ Chl-a was in winter (February 2016) with an overall average
of 0.85 ± 0.57 mg·m−3 and the minimum was found in spring (April 2015, 2016) with an average
of 0.57 ± 0.40 mg·m−3. A Deep Chlorophyll Maximum (DCM) is apparent in most seasons namely,
winter (1.40 ± 0.76 mg·m−3) at 24 m deep, spring (1.12 ± 0.32 mg·m−3) at 32 m deep and summer
(June 2015, 1.45 ± 0.49 mg·m−3) at 28 m deep, while no DCM was found in autumn (November 2015).
The vertical distribution cross-section plots (Figure 4a) showed higher Chl-a concentrations during
winter evenly distributed along the water column compared to spring and summer where an apparent
stratification is suggested.
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3.3. Seasonal Satellite-Derived Kd

To account for the depth of the satellite signal penetration in the water column, the first optical
depth was computed based on the diffuse attenuation coefficient Kd(490) for each season. The seasonal
climatologies of the first optical depth were mapped in Figure 5. Lower signal penetration in both
winter and autumn seasons can be observed, where the average first optical depth is 6 ± 1.45 m, and
6.58 ± 1.85 m respectively. During spring and summer seasons, the satellite signal penetrates deeper
reaching to an average depth of 8.77 ± 2.62 m in spring and 8.93 ± 2.94 m in summer. An apparent
inverse relationship occurs between the seasonal climatology maps of Chl-a and first optical depth
(Figures 2 and 5). In winter, the lowest first optical depth along with higher concentration of surface
Chl-a was observed, while the opposite was found in spring. Likewise, the 1st optical depth of the
study area followed similar seasonal trend as in the Arabian Gulf (Figure 5). For instance, the calculated
first optical depth of Qatar’s EEZ was found to be 6.32 ± 1.38 m in winter, 10.52 ± 1.42 m in spring,
9.05 ± 1.55 m in summer, and 6.94 ± 1.37 m in autumn (Figure 4). Generally, it is clear from Figure 4
that the satellite sensor did not accurately capture the DCM in most of the seasons as the first optical
depth was shallower.
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3.4. Comparison of Satellite-Derived Chlorophyll with In Situ Fluorescence

To further investigate how well the satellite sensor represents Chl-a in the Arabian Gulf,
a comparison experiment was performed between in situ and satellite-derived Chl-a concentrations.
During most of our sampling dates, the satellite-derived Chl-a data had several NaN values (Not A
Value: these values represent data gaps primarily due to cloud coverage). However, to increase the
matching pairs (to have an adequate number for statistical validation), we tried to increase the time
window between satellite and in situ data sampling from two hours to one day, ultimately succeeding
to find 29 match-up points. The deriving scatter plot between in situ and satellite-derived Chl-a is
shown in Figure 6. It is quite encouraging (with the limited number of matchup pairs) to have a
significant high correlation coefficient (r = 0.795, p < 0.001). Generally, most of our points are residing
above the 1:1 line, which is an indication of an almost systematic overestimation. The overestimation
seemed to be mostly on the lower Chl-a values ranging between 0.1–0.7 mg·m−3. On average, VIIRS
overestimated Chl-a concentrations by 0.24 mg·m−3 in terms of log_bias, while log_RMS error was
0.32 mg·m−3. The relationship between satellite and in situ Chl-a data improved (from r = 0.722 to
r = 0.795) by removing 1% of the outliers (1 data point) and log10-transformation of the data.
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4. Discussion

In regions were in situ oceanographic data are limited, as in the Arabian Gulf, satellite remote
sensing observations are the only means of tools for monitoring primary productivity of the marine
environment at such large spatial and temporal scales. The contemporary satellite ocean colour
products can provide up to 18 years of continuous datasets (like OC-CCI product) that can facilitate the
deeper understanding of phytoplankton biomass variability in space and time. However, the satellite
ocean colour datasets have known limitations, and thus the performance of such data should be
examined prior to drawing any conclusions on patterns of ocean productivity. In the present study, and
using a unique set of in situ seasonal acquired measurements, we evaluated the ocean colour satellite
sensors performance in estimating Chl-a at the Arabian Gulf. Specifically, the following investigations
were considered: (1) assessing the seasonality of Chl-a concentrations based on 16 years of continuous
dataset, with improved coverage over the Gulf region (where single-sensor datasets have proved to
be highly limited); (2) determining the first optical depth of satellite sensors’ signal (to investigate
how deep the remotely-sensed signal penetrates in the water column); and (3) confidently comparing
satellite-derived Chl-a with in situ fluorometric chlorophyll measurements collected during six seasonal
research cruises.

The seasonal climatologies of Chl-a followed a pattern of highest concentrations during winter
and lowest during spring. Both remote sensing and in situ Chl-a data showed that the central Gulf
(study area) had similar pattern of chlorophyll concentration to the remaining of the Gulf region,
with highest concentration in winter and the lowest in spring. However, this pattern slightly shifted
in the south east region of the Gulf where the onset of the highest chlorophyll was in the autumn
instead of the winter. The in situ data for Chl-a concentrations showed similar patterns of highest Chl-a
in February and the lowest in April and this indicate that the climatologies capture the large scale
seasonal distribution of the Gulf region. The low Chl-a concentration in April is probably due to the
fact that nutrients were depleted by the phytoplankton bloom in winter. According to Nezlin et al. [16],
it is typical to have such seasonal cycles in tropical and subtropical oceans, where phytoplankton
growth is limited by lack of nutrients due to a strong pycnocline formation. This coincides with
thermal stratification that stabilizes the water column, limiting the vertical mixing, and thus, nutrient
supply to the surface [39]. Our results are coherent with other studies [16,40], although they performed
their analysis on the spatio-temporal variations of phytoplankton biomass in the Arabian Gulf using
a single-sensor Chl-a dataset. They reported that the highest Chl-a concentrations in the open-water
region of the Gulf takes place in winter, while lower concentrations were observed in both spring
and summer.

Satellite sensors are capable of measuring Chl-a concentrations in the top layer of the water column.
To understand how much of the water column is detected by the sensors, it is crucial to estimate the
penetration depth of the observed signal, which depends on the light attenuation in the water column.
In this study, we computed the first optical depth from the satellite-derived Kd(490). Our findings
clearly suggest that the first optical depth in the Arabian Gulf region is relatively shallow. The satellite
sensors capture shallower depths (4–8 m) in autumn-winter seasons (when Chl-a concentrations are
higher), while in contrast, deeper depths (9–11 m) are captured during spring and summer (when Chl-a
concentrations are lower). According to Morel [41], in clear open waters, it is normal to have deeper
first 1st optical depths at low Chl-a concentrations, ranging between 0.01–1 mg·m−3. The Arabian Gulf
is shallow (average depth 35 m), and thus is subject to strong influence by the prevailing winds, i.e.,
Shamal (northwesterly wind), that blows throughout the year. These northwesterly winds intensify
at the peak of the winter (most prominently from December to February) and are responsible for
the intense turbidity and vertical mixing of the water column in the whole region [42,43]. Therefore,
it is highly probable that suspended sediments and/or coloured dissolved organic matter (CDOM)
contributed to a shallower first optical depth in the Gulf region. The latter observations agree well
with our in situ and satellite-derived datasets. Due to the shallowness and turbulence found in the
sampling area, the waters are likely to be turbid, which means that the bottom reflectance issue
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is likely minimum. Similar patterns have been reported by Al Kaabi et al. [8], were the authors
demonstrated seasonal variations of Secchi disk depth (SDD) over the entire Gulf using a set of in
situ SDD measurements versus 14-year time-series of MODIS/Aqua Kd data. Generally, higher SSD
values were observed in summer, while lower values were found in winter [8] (Al Kaabi et al., 2016).
The authors developed a locally-adapted algorithm to estimate SSD from satellite-derived Kd over the
Gulf using Lee’s algorithm [32]. Based on a set of SDD in situ measurements from the Arabian Gulf,
the developed algorithm performed well in comparison with other SDD models established in other
regions [8]. We compared our first optical depth, calculated based on OC-CCI Kd data, with the SDD
calculated using Al Kaabi et al. [8] proposed algorithm for the Arabian Gulf, and the result appeared
to be exactly the same (r = 1, p < 0.001) indicating that our findings well captured the first optical depth
acquired by the satellite sensors in the Arabian Gulf (Figure S1). Moreover, our findings suggest that
the satellite sensors do not capture accurately the DCM in most of the seasons (Figure 4). However,
during the winter, the satellite sensors may capture small portion of the DCM due to the intense
seasonal vertical mixing in the water column, which redistributes nutrients enhancing phytoplankton
growth near the surface. Blondeau-Patissier et al. [14], stated that deep chlorophyll maxima are not
always captured by satellites because ocean colour observations are limited to the first optical depth.

To evaluate the performance of satellite sensors in estimating absolute values of surface Chl-a
at the Arabian Gulf, we run a comparison experiment with our in situ Chl-a datasets. Although
the match-up pairs were sparse, the results showed a significant correlation (r = 0.795, p < 0.001).
Our findings suggest that satellite sensors are systematically overestimating Chl-a concentrations
in the Gulf (on average by 0.32 mg·m−3). The consistent overestimation (especially at lower Chl-a
concentrations) retrieved in our study could be partially explained by the known limitation of remotely
sensed Chl-a data in shallow optically complex Case II waters [20,44]. In other words, scattering by
sediments in turbid waters and underwater reflectance from shallow areas could result in relatively
high water-leaving radiance in the near-infrared (NIR) wavelengths, which could overestimate the
correction term (as seen in the near-by Red Sea, [24]). Several shallow coastal regions of the Gulf
that exhibited higher Chl-a concentrations (such as the southeastern coast of Qatar) in comparison
with the open waters are likely to be influenced by suspended substances and/or bottom reflectance.
Therefore, conclusions on the absolute values or seasonal patterns in such areas should be cautious,
as the remotely-sensed ocean colour data are likely biased, and thus, should be excluded from a
time-series analysis [16]. However, not all the coastal high Chl-a values are necessarily erroneous,
as at the northwestern part of the Gulf (Shatt Al-Arab, Figure 2a) where there is a river discharge,
which provides a rich source of nutrients that enhance phytoplankton production near that region.
Consistent with findings from other regional studies on validation of satellite-derived and in situ Chl-a
(Table 1), our results are comparable to the performance of ocean colour sensors in complex coastal
waters regions around the globe (such as the Gulf of Gabes in the Mediterranean Sea, northern South
China Sea, eastern Arabian Sea, and the Red Sea). Finally, although we provide evidence that the
satellite sensors overestimate Chl-a concentrations in the Gulf, we have to acknowledge that some
other factors could have also contributed to the uncertainties. Some of these may involve biases due to
the low number of matching pairs, the precise difference in time window between in situ and satellite
observations, and the complex nature of the very shallow, turbid Arabian Gulf.

Table 1. A statistical comparison of the match-ups performed in the Arabian Gulf with those at complex
coastal waters.

Region Sensor Algorithm Log_RMS N Study

Gulf of Gabes MODIS-Aqua OC3M 0.64 30 Hattab et al. (2013) [12]
Northern South China Sea MODIS-Aqua OC3M 0.38 114 Shang et al. (2014) [45]

Eastern Arabian Sea MODIS-Aqua OC3M 0.31 50 Tilstone et al. (2013) [46]
Red Sea MODIS-Aqua OC3 0.18 85 Brewin et al. (2013) [47]

California Current Bed VIIRS OC3 0.23 38 Kahru et al. (2014) [48]
Central Arabian Gulf VIIRS OC3 0.32 29 This study
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5. Conclusions

In this study, we assessed the performance of ocean colour satellite sensors in estimating Chl-a
at the Arabian Gulf. Using a unique set of in situ Chl-a measurements, collected from six recent
research cruises (2015–2016) covering a large area of the Gulf, and a 16-year dataset of satellite-derived
Chl-a (OC-CCI), we found a distinct seasonal pattern of surface Chl-a in the Gulf with maximum
concentrations in winter and minimum concentrations in spring. In situ measurements of Chl-a
revealed a marked DCM in most seasons at 24–32 m, which was not captured by the satellite sensors
since the estimated first optical depth in the Gulf (6–11 m) was shallower than the DCM depth.
Although the satellite sensors seem to appropriately represent the seasonality of Chl-a at the Gulf,
there is a clear overestimation of Chl-a values. Our comparison experiment between in situ and
VIIRS Chl-a indicated an overestimation of Chl-a (on average by 0.32 mg·m−3) mostly for lower
Chl-a concentrations. Although many factors are suggested to contribute to the uncertainties of this
evaluation (such as the limited number of in situ measurements), our results from the optically complex
waters of the Arabian Gulf were found to be comparable with other optically complex regions around
the globe. We support the use of ocean colour data in the Arabian Gulf; however, we highlight the
need for a regionally-calibrated algorithm to estimate Chl-a in the Gulf. This requires a large set of in
situ data covering the whole region of the Gulf, which requires a regional collaborative investigation
in the Gulf amid the eight member states of the Regional Organization for the Protection of the Marine
Environment (ROPME).

Supplementary Materials: The following are available online at http://www.mdpi.com/2072-4292/9/3/301/s1:
Table S1: Descriptive statistics of top 10 m chlorophyll-a in situ measurements (mg·m−3) in the EEZ of Qatar
during six sampling cruises in 2015–2016, Figure S1: Correlation between 1st optical depth in the Arabian Gulf
derived from OC-CCI Kd data and Al Kaabi et al. (2016) algorithm, Figure S2: Residual plot of in situ Chl-a and
Chl-a from linear regression of Figure 6 suggesting that the linear regression model is appropriate as the residuals
have no clear pattern and are relatively small in size.
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