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Abstract—Over the past two decades, Qatar has undergone sig-
nificant economic growth and development, yet little information
is available on long-term trends in seawater quality around the
Qatar Peninsula. This study analyzed spatiotemporal variations
of remotely sensed optical water quality (OWQ) parameters in
Qatari coastal waters between 2002 and 2022. These OWQ pa-
rameters, including chlorophyll-a concentration (Chla), turbidity
(Turb), and Secchi disk depth (SDD), along with sea surface temper-
ature, were derived from Moderate-resolution Imaging Spectrora-
diometer (MODIS)/Aqua observations after applying an optically
shallow-water mask. Additionally, changes in floating algae scum
density, an indicator of harmful algal blooms (HABs), were de-
rived from MultiSpectral Instrument (MSI) observations. Strong
nearshore—offshore gradients were generally observed for all OWQ
parameters (multiannual mean Chla ~ 0.6-3 mg m—3; Turb ~
0.2-3 FNU; and SDD ~ 5-12 m). SDD was typically greatest in late
spring and summer when Chla and Turb were relatively low. OWQ
variability in the main territorial sea was mainly driven by sus-
pended sediments, while in the broader Exclusive Economic Zone
was driven by algal blooms. HABs dominated by Margalefidinium
polykrikoides, Noctiluca scintillans, and Trichodesmium spp. were
frequently observed in deeper (>20 m) waters. Despite Qatar’s
massive economic development in recent years, declines in Chla
and Turb and increased SDD were observed. Qatari coastal waters,
however, are warming at a rate of 0.64 °C/decade, ~2-3 times faster
than neighboring Red Sea and Northern Arabian Sea waters, and
~8 times faster than the global oceans. This thermal stress may
pose future challenges for marine ecosystems and the services they
provide.

Index Terms—Long-term trend, Qatari coastal waters, remote
sensing, water quality.
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I. INTRODUCTION

ATAR is a peninsular nation with surrounding sea wa-
ters representing approximately 14% of the Persian
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Gulf/Arabian Gulf (hereafter the Gulf) [1]. Like the most areas
within the Gulf, seawater quality around Qatar has experienced
significant biotic and abiotic pressures [2], [3], [4], [5], [6], [7].
For example, harmful algal blooms (HABs) occur frequently
in the Gulf [2], [3], [8], [9]. An eight-month-long, widespread
bloom of the toxic dinoflagellate Margalefidinium (previously
Cochlodinium) polykrikoides extended over the north of Qatar
and led to fish mortalities and closure of desalination plants
during 2008 and 2009 [10]. Additionally, the waters around
Qatar [11],[12] and the Gulf [8] have some of the highest average
sea surface temperatures (SSTs) in the world. With global oceans
warming at a rate of 0.08 °C/decade [13], increased temperature
may alter the biogeochemistry of ocean waters. Also, when
coupled with increased stratification, warmer waters can limit
vertical mixing, preventing oxygen replenishment in bottom
waters [6]. The horizontal extension of the near-bottom hypoxia
zone is observed within the Gulf, and the affected area exceeded
7000 km? for Qatar [4], [14], [15]. Moreover, inputs from
multiple industrial activities within the Gulf, such as oil and
gas fields on/off the shore and desalination plants, may impact
water quality [5], [6]. Qatar is wholly dependent on desalinated
seawater for its municipal water consumption (i.e., irrigation and
drinking) [16]. Because changes in seawater quality can impact
desalination efficiencies [5], [6], [17] and the continuous dis-
posal of brine water from desalination plants into the Gulf may
adversely affect water quality, the associated marine ecosystems
[6], [18], [19], and the services those ecosystems provide [20],
it is critical to monitor when and how seawater quality changes.

Despite the importance of the seawater desalination to the
State of Qatar, change in seawater quality around Qatar is
relatively understudied. To date, only a handful of papers have
used in situ measurements to study Qatari coastal waters [1],
[11], [21], [22], [23]. These studies have generally observed
strong seasonal variability of hydrological and biogeochemical
properties, but the data are limited to only one year of shipborne
measurements [1], [11]. While shipborne measurements provide
a high level of granularity, they are relatively limited in both
space and time, and it can be difficult to assess general spatial
patterns and long-term trends in water quality.

In the absence of a long-term in situ dataset, satellite remote-
sensing data can be utilized to analyze historical changes in
water quality [24], [25], [26]. These approaches are well suited
for use in Qatar, as they have been applied to other areas in
the Gulf [10], [24], [25], [26], [27], [28], [29], and have been
used to monitor optical water quality (OWQ) parameters [e.g.,
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chlorophyll-a concentration (Chla; indicator of algal biomass)
and SST] [24], [26], [29], [30]. Other important OWQ parame-
ters, such as turbidity (Turb; indicator of suspended sediments),
Secchi disk depth (SDD; indicator of water clarity), and floating
algae scum (indicator of eutrophication), can also be tracked
utilizing remote-sensing data [5], [31], [32], but these variables
are notably absent from studies in the Gulf with just a few
exceptions [24], [25], [26]. Furthermore, previous studies using
satellite remote-sensing data (e.g., Chla) [24], [26], [30] did not
consider the possible interference of ocean bottom reflectance in
optically shallow waters, which could cause overestimations in
OWQ and underestimations in the temporal variability because
the bottom is relatively more stable over time than OWQ [33].
Overall, the general OWQ patterns (Chla, water turbidity, water
clarity, and floating algae scums) and SST patterns in Qatari
coastal waters are largely unknown.

Thus, the objectives of this study are as follows:

1) implement, test, and evaluate the widely utilized remote-

sensing algorithms [34], [35], [36], [37], [38], [39], [40],
[41] to estimate the water quality variables in Qatari
coastal waters;

2) generate water quality time-series maps to assess spa-

tiotemporal patterns;

3) assess long-term water quality trends around Qatar.

The objective #1 is a prerequisite of the other two. Currently,
in the absence of a robust and reliable in situ dataset, it is
not possible to develop and validate locally tuned inversion
algorithms specific to Qatari coastal waters. Hence, the widely
utilized algorithms are selected based on their principles and
performance in other coastal waters [34], [35], [36], [37], [38],
[39], [40], [41], which have been extensively validated and
accepted by the ocean color research community (hereafter
referred to as community-accepted algorithms; see details in
Section II) [42], [43], [44], [45]. Then, the spatiotemporal vari-
ations of the general water quality are presented. Finally, the
uncertainties of the patterns of derived water quality variables are
discussed.

II. DATA AND METHOD
A. Study Region

Fig. 1(a) shows a true-color image of the Gulf ob-
tained by Moderate-resolution Imaging Spectroradiometer
(MODIS)/Aqua on 7 January 2020, and Fig. 1(b) shows the
geographic extent (24-27°N, 50-53°E) and bathymetry (data
source: GEBCO [46]) of the study region surrounding Qatar.
Qatar Peninsula (land mass ~11 500 km?) is located along the
eastern portion of the Arabian Peninsula and is surrounded by
563 km of coastline, bordering the Gulf to the north and east and
the Gulf of Bahrain to the west. Benthic habitats along Qatar’s
shallow (<20 m) coastal waters include mangrove forests, coral
reefs, and seagrass meadows [47], [48], [49].

The climatic features within the region are extreme hot
summers, moderate cold winters, high evaporation rates, low
precipitation, shamal winds, and dust storms [8]. SSTs often vary
over 20 °C between summer and winter. The high evaporation
and low precipitation rates result in high salinities, ranging from
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TABLE I
SUMMARY OF THE FOUR REGIONS OF INTEREST (ROIS)

ROI Extent

EEZ  The waters extending from the coast to the outer
limit of the Qatar’s Exclusive Economic Zone
(red line in Fig. 1Db).

MTW  Main Territorial Waters, referring to Qatar’s
Territorial Sea excluding waters around Halul
Island (blue line in Fig. 1b).

GoB  Gulf of Bahrain, excluding optically shallow
waters (black line in Fig. 1b).

DWR  Deep Water Reference: the waters located

offshore in the deep Gulf (green line in Fig. 1b),
used as a reference to contrast other ROIs

40 [4], [22] along the northern and eastern coast up to 70 in
the Gulf of Bahrain along the southwestern coast [50]. Deeper
waters (>20 m) of the Gulf are characterized by pronounced
stratification (thermocline or halocline), while shallow waters
are strongly affected by winds that drive water circulation and
mixing processes [29]. Winds of various scales and directions
dominate the entire Gulf, with the northwesterly (i.e., shamal)
winds, northeasterly/easterly (i.e., nashi) winds, and southeast-
erly/southerly (i.e., kaus) winds having a significant influence
on sea surface dynamics [51], [52], [53]. Wind stress and tidal
turbulence result in the vertical mixing of the whole water
column in shallow nearshore waters and further the sediment
resuspension and transport. The stratification of water layers in
summer and wind mixings all year long are the primary seasonal
factors affecting phytoplankton phenology in the Gulf [26].

Four regions of interest (ROIs) were chosen from primarily
existing marine boundaries to assess water quality changes [see
Fig. 1(b)]. While the ROIs are not mutually exclusive, each area
represents potentially different trends related to water depth and
distance from shore (see Table I). Two ROIs leverage marine
boundaries.! Those ROIs are the Main Territorial Waters (MTW)
and the Qatar Exclusive Economic Zone (EEZ). The MTW
excludes the area surrounding the Halul Island (“Jazirat Halul”;
located ~80 km east of Qatar Peninsula) [see Fig. 1(b)]. The
third ROI is the Gulf of Bahrain (GoB), which is a semicon-
strained water body bordered by Saudia Arabia, Bahrain, and
Qatar. The final ROI is the deep-water reference (DWR) and
serves as an offshore reference to contrast with the other ROIs.

The productivity of the waters in EEZ is directly linked to eddy
circulation in the central Gulf, winter cooling, wind mixing, and
disintegration of the cyclonic eddies [22]. Waters in MTW are
relatively shallow (<15 m), and the euphotic layer often extends
to the sea bottom [29]. The GoB is a nearly enclosed area,
and circulation is restricted by coral reefs and the accumulation
of sediment. This results in a small tidal range (~0.5 m) and
relatively high salinity (>60), especially in the southern portion
(Gulf of Salwah) [50].

![Online]. Available: http://www.marineregions.org/
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Fig. 1. (a) MODIS/Aqua true-color image of the Gulf collected on 7 January 2020 showing the Gulf, where the study region is outlined by a dashed box.
(b) Map of the study region with bathymetry (data source: GEBCO [46]). The four ROIs are EEZ (red), MTW (blue), GoB (black), and DWR (green), respectively
(see Table I). Gray represents the optically shallow-water mask developed in Section II-D, and brown represents the land.

B. Water Quality Variables 2) water turbidity (Turb in FNU) [36];

In this study, the following OWQ variables for near-surface 3) water clarity (measured as SDD in m) [37];
waters surrounding Qatar were examined, with their correspond- 4) floating algae density (FD in % cover) [40], [41].
ing algorithms listed in parentheses: In addition to the above OWQ variables, SST (in °C) was also

1) chlorophyll-a concentration (Chla in mg m3) [35], [39]; examined [34], [38].
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Due to a lack of consistent field measurements, all data
were derived from satellite measurements using established
algorithms with a regionally customized shallow-water mask,
as shown in Section II-D.

C. Satellite Data Sources

Three types of satellite data were used in this study for
different purposes.

First, Sentinel-3 Ocean and Land Color Instrument (OLCI)
data were used to define an optically shallow-water mask (see
Section II-D). This mask blocks pixels from being used where
the shallow bottom interferes with the remotely sensed signal.
OLCI data are used because of its higher spatial resolution
(300 m) and increased number of spectral bands compared with
other medium-resolution sensors.

Second, MODIS data collected aboard Aqua (2002-) were
used to estimate the following water quality parameters: Chla,
Turb, SDD, and SST. MODIS/Aqua data are suitable for change
detection and trend analysis because this dataset provides 20+
years of multiband optical measurements at 1000-m nominal
resolution.

Finally, MultiSpectral Instrument (MSI) data collected aboard
Sentinel-2A (2015-) and Sentinel-2B (2017-) were used to
estimate FD. The two MSI sensors provide a combined five-day
revisit frequency at a local time of ~10:30 A.M. The inclusion
of this data was necessary because the surface algae scums are
often too small to be detected by OLCI or MODIS, but they are
clearly observed in the high-resolution (10-20 m) MSI images
[40], [41].

Below we elaborate on the specific data processing steps used
for each sensor to meet these individual purposes.

D. Satellite Data Processing

1) OLCI-Based Optically Shallow-Water Mask: Based on
the known bathymetry [see Fig. 1(b)] and distribution of shal-
low benthic features (e.g., coral reefs, seagrass beds, seabed
macroalgae, and sand) [47], [48], [49], vast portions of the
study area, including water depths < 5 m [33], are optically
shallow. Such areas are prone to satellite-retrieved spectral radi-
ance measurements used for deriving water quality parameters
that are influenced by reflectance from the bottom [25]. Be-
cause of the lack of in situ observations of the bottom (depth
and type) and water-column optical properties, it is difficult
to derive the accurate water quality products from optically
shallow water [54]. Therefore, it is essential to apply an optically
shallow-water mask to avoid perturbations due to shallow-water
bottom.

OLCI/Sentinel-3A (hereafter OLCI/S3A) full-resolution
(300 m) Level-1B data for April 2016-December 2022 were
downloaded from NASA OB.DAAC? and processed to Level-
2 data by the OCSSW module (SeaDAS version 8.3, NASA
Reprocessing 2022.0) to obtain spectral remote-sensing re-
flectance (R.s). Then, Level-2 data were reprojected into

2[Online]. Available: https://oceancolor.gsfc.nasa.gov
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Fig. 2. (a) Typical example of an optically shallow-water mask (light gray
region) derived using the default “OPSHAL” 12_flag for OLCI/S3A data on
28 February 2017. (b) New optically shallow-water mask (light gray region)
determined in this study. The new mask was determined from OLCI/S3A multi-
annual mean (c) Rys(510)-R;s(560) and (d) R;s(490) using threshold values. All
subsequent OWQ analyses excluded the masked pixels. The region with brown
color is land.

250-m Level-3 data, and the multiannual mean data prod-
ucts discussed below were generated. For data quality con-
trol, the below 17 flags in 12_ﬂags3 were used [55]: ATM-
FAIL, LAND, HIGLINT, HILT, HISATZEN, STRAYLIGHT,
CLDICE, COCCOLITH, HISOLZEN, LOWLW, CHLFAIL,
NAVWARN, MAXAERITER, CHLWARN, ATMWARN, NAV-
FAIL, and FILTER.

NASAs satellite ocean color data processing software offers
a default Level-2 flag (OPSHAL) for masking optically shallow
water, which was developed based on a bathymetry dataset and
inherent optical properties retrieved using a quasi-analytical
algorithm [33]. OPSHAL was tested but did not work well in
the study area because valid pixels were often overmasked and
invalid pixels were often undermasked [e.g., Fig. 2(a)]. Thus, this
study proposes a new shallow-water mask to exclude optically
shallow pixels in Qatari coastal waters.

For Qatari coastal waters, the extent of optically shallow water
is difficult to determine because many scattered small subregions
deeper than 10 m (for example, areas overlying underwater
sand in the GoB) exhibit strong bottom reflectance and the
optically active constituents (OACs) of water exhibit strong
spatiotemporal variations. Even so, given that the locations of
the most optically relevant benthic features are relatively stable

3[Online]. Available: https://oceancolor.gsfc.nasa.gov/resources/atbd/ocl2
flags/
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Fig.3. Demonstration of the effects of optically shallow water on Rys(A) (a) and the validity of the shallow-water mask developed in this study (b)—(e). (a) Mean

and standard deviation spectra of R,s(1) from masked pixels and nonmasked pixels. (b) True-color OLCI/S3A image on 16 October 2016 showing bright bottom
features (marked as A and B), overlaid with a virtual transect (red line), from which the R index is extracted and shown in (d). The masked pixels are annotated

in (d). (c) and (e) show another example as in (b) and (d).

over time, an empirical method using OLCI multiannual mean
R, was utilized to determine the extent of optically shallow
water. Compared with MODIS, OLCI’s higher spatial resolution
(300 m) allows it to capture shallow-water bottom features
more clearly. Hence, OLCI/S3A data were used to develop the
new shallow-water mask, which was downscale sampled for
application to MODIS data.

Because optically shallow waters often have R.4(560) >
R,5(510) and high R,5(490) values, it was determined that a com-
bination of the variability in OLCI multiannual mean [R,(510)—
R.s(560)] and R,s(490) can be used to define a static shallow-
water mask, as shown in Fig. 2. In these long-term statistics, the
negative values in [R5(510)-R,s(560)] appear to be associated
with bottom sand, coral reefs, and other bottom features for water
depths < 5 m. The relatively high values in R,5(490) off the east
coast of Qatar appear to be also associated with the bottom where
degraded coral reefs are located [47]. So, after multiple trials,
the criteria for determining the static shallow-water mask [see
Fig. 2(b)] are as follows: [R.s(510)—R.s(560)] < —5 x 107 sr~!
for the entire study area, and R,(490) > 0.0105 sr~! for areas off
east Qatar only. This mask excludes most areas shallower than
5 m and optically shallow areas in deeper waters with known
benthic features [47], [49]. Such a static mask was applied to all
images to mask the low-quality pixels before further analysis of
temporal trends. Thus, the area-averaged monthly time series
of water quality parameters was generated and analyzed for
Qatari coastal waters without the effects of optically shallow
water.

The contrasts between R,s()) from masked and nonmasked
(but still physically shallow, < 10 m) are shown in Fig. 3(a).
It is clear that their spectra are well separated. Fig. 3(b)—(e)
further shows the R, index along an arbitrary transect across

both masked and nonmasked pixels. While the true-color im-
ages reveal clear shallow-water bottom features, these pixels
show dramatic changes in the R,s index, which are successfully
masked.

2) MODIS-Based Water Quality: MODIS/Aqua Level-0
data for July 2002-December 2022 were downloaded from
NASA OB.DAAC and processed to Level-2 data using the same
OCSSW module as used for OLCI/S3A. Level-2 data were then
reprojected into 1-km Level-3 data, and the same 17 12_flags as
used for OLCI/S3A were applied. However, because of relatively
thick aerosols and frequent sun glint over the Gulf, the thresholds
to flag clouds, maximum aerosol optical thickness, and high glint
were adjusted from 0.027 to 0.03, 0.3 to 0.5, and 0.005 st ! to
0.009 sr~!, respectively.

For deriving the OWQ parameters (Chla, Turb, and SDD),
community-accepted algorithms were applied to the quality-
controlled spectral R 3(1). Of these algorithms, the Chla algo-
rithm is a hybrid between a band difference [35] and band ratio
[39] for clear waters and turbid waters, respectively. Because
of its empirical nature and usage of blue and green bands,
Chla is actually a measure of all water-column OACs, including
phytoplankton, colored dissolved organic matter, and suspended
nonliving particles. The Turb algorithm was developed for global
coastal waters and uses the red (645 nm) and near-infrared
(859 nm) bands [36]. It can characterize the suspended partic-
ulate matter from low to high concentrations (~1-200 g m~).
The SDD algorithm [37] utilizes all visible spectral bands and
selects the band of maximum light penetration (i.e., minimum
light attenuation) to estimate SDD, a measure of water clarity.

For SST, monthly averaged MODIS/Aqua 11 ym daytime and
nighttime SST Level-3 data products (4-km resolution, version
R2019.0) were downloaded from the NASA OB.DAAC and
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analyzed for their spatial variability and long-term trends. In this
processing, the quality levels of less than 2 (Level O indicates
the best quality), which was recorded as qual_sst in the monthly
data, were used to exclude low-quality data. SST time series for
the entire Gulf and other nearby areas, including the Red Sea
and the Northern Arabian Sea, was also obtained in the same
way to compare SST trends.

3) MSI-Based Floating Algae Scums: MSI  top-of-
atmosphere reflectance data from Sentinel-2A (2016-2023) and
Sentinel-2B (2017-2023) were downloaded from the Google
Earth engine.* The spectral bands used here include 490 (B2),
555 (B3), 665 (B4), 740 (B6), and 865 (B8A). Floating algae
features were delineated and quantified using a deep learning
approach with an overall accuracy of > 85%; such an approach
was detailed in [40] and [41] for Ulva prolifera, but it was found
as effective for the floating algae in the Gulf through visual
comparison of the delineated algae scums and the corresponding
false-color red—green—blue image following the approach of Qi
et al. [56].

After delineation of floating algae features, FD in each pixel
was determined using spectral unmixing, where a percent cover
(0%—-100%) was estimated for each pixel. Then, the original
FD images were converted into 4-km grids, which can facilitate
visualization of image features in limited space [41]. Annual
and monthly composite images and monthly climatology were
generated. The monthly FD is regarded as the mean density
during the month, and its integration over all grids of each ROI
in individual image, after accounting for the grid size, led to the
estimate of the total coverage area (m?) of each ROI during the
month.

A total of 18 same-day OLCI images corresponding to the
MSI images were used to identify the type of floating al-
gae scums (Trichodesmium or green Noctiluca scintillans) at
the colocated pixels. Compared with MSI, OLCI has more
visible spectral bands, including a 620 nm band sensitive to
cyanobacteria. The difference of spectral Rayleigh-corrected
reflectance [AR,.(A), dimensionless] between algae scum pixels
and nearby water pixels was used for spectral analysis of the
algae scums [41], [57].

E. Determine Spatial Pattern and Temporal Variation of Water
Quality Parameters

General spatial patterns of OWQ variables (Chla, Turb, and
SDD) were evaluated using maps of multiannual means gen-
erated from the daily MODIS time series (2002-2022) and
corresponding coefficients of variation (CV). CV was calculated
as follows:

CV = sd/M (1)

where sd represents the standard deviation and M represents
the multiannual mean at each fixed location (pixel). Monthly
climatology maps of all water quality parameters were also
obtained to examine seasonal patterns.

4[Online]. Available: https:/developers.google.com/earth-engine/datasets/
catalog/COPERNICUS_S2_HARMONIZED
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The area-averaged monthly mean time series of OWQ pa-
rameters (Chla, Turb, and SDD) is obtained to analyze temporal
variations of the four subregions. It can be considered that the
water quality time series is composed of trend, seasonality, and
the residuals components, and so the time-series decomposition
method in the statsmodels package of Python [58] is used
here with the additive model. The trend can describe gradual
changes in long term (over a time scale of >1 year) and, in
this decomposition method, it is calculated using (2) where a
centered moving average of 12 months was used to assess the
trend

6
Tn - Z wn+jMn+j (2)
j=—6

where T, is the trend component at month n, and M,, ; is the
monthly observation at month n-+j. w4 ; represents the weight
at month n+j, which uses weight 1/24 for the first and last
month within the window and weight 1/12 for the others. The
first and last six observations do not have the corresponding 75,
values [58].

Furthermore, the significance (p-value or p) and magnitude
(B) of the trend are obtained by the modified Mann—Kendall test
[59] and Sen’s slope method [60], respectively. These analyses
have been widely used to detect long-term water quality change
from satellite-derived data across the world [30]. The modified
Mann—Kendall test is conducted here with a confidence level
of 95% (o = 0.05). If p < «, then there is a monotonic trend.
Sen’s slope (i.e., 3) is calculated as the median of all the slopes
estimated between all the successive data points of a time series
as follows:

B = median [Ay/At] 3)

where Ay is the change in the time series (y) due to the change
in time At between two subsequent data. When p < a, >0 (or
£ < 0) tells that there is an increasing (or decreasing) trend.

For SST, long-term trends for the entire study area, Gulf,
Red Sea, and Northern Arabian Sea were determined similar
as above. Seasonal SST trends [13] for the entire study region in
winter (December—February) and summer (June—August) were
also determined.

To observe interannual variability, the monthly time-series
data were deseasoned, resulting in monthly anomaly time series.
For this purpose, the monthly percentage anomaly (%) was first
calculated using (4), and then averaged for three months to
observe the temporal anomaly patterns

Percentage anomaly

= (monthly — climatology) /climatology x 100%. (4)

III. RESULTS

A. Optical Water Quality

1) General Spatial Distributions: The overall spatial pat-
terns of OWQ variables (Chla, Turb, and SDD) are determined
based on the maps of their multiannual means and CVs of these
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TABLE II
STATISTICAL SUMMARY OF MULTIANNUAL MEAN CHLA (MG M), TURB (FNU), AND SDD (M) OBTAINED FROM DAILY MODIS/AQUA OBSERVATIONS IN
2002-2022 FOR THE FOUR ROISs

Chla (mg m™3) Turb (FNU) SDD (m)
mean + std min—max mean £+ std min-max mean +std  min-max
EEZ 1.2140.22  0.91-3.14 0.59+0.37  0.19-2.90 9.7141.42  3.06-11.61
MTW 1.56£0.36  1.12-3.14 1.10£0.42  0.25-2.90 7.49£1.10  3.06-9.85
GoB 2274026  1.92-3.14 0.43+£0.10  0.31-0.97 7.4240.31  6.18-7.95
DWR 1.16£0.11  0.96-1.66 0.2840.03  0.23-0.43 11.13+£0.30  9.57-11.74

Note: The std means the standard deviation.

CO=_2NWAUO ® O
Chla (mg m~3)

Turb (FNU)

s&
“a
a
.0
k]
°B

Fig.4. General spatial distributions of water quality parameters obtained from
MODIS/Aqua observations in 2002-2022. (a)—(c) are the multiannual means of
Chla (mg m—3), Turb (ENU), and SDD (m), respectively, and (d)—(f) are the
corresponding CV (%) of Chla, Turb, and SDD, respectively. The black dash
line represents the water depth of ~ 20 m. The gray region shows the OLCI-based
optically shallow-water mask. The region with brown color is land.

mean values obtained from daily MODIS/Aqua observations in
2002-2022 (see Fig. 4). Statistical summaries of these values
for the four ROIs are provided in Tables II and III.

Multiannual mean Chla, Turb, and SDD exhibit strong spatial
variability from nearshore to offshore waters. Chla mostly de-
creases and SDD increases with distance offshore. Turb exhibits
a similar spatial pattern as Chla, except for in the GoB where
Turb is relatively low (~ 0.3-0.4 FNU) with values similar
to those observed in deeper, offshore waters (~ 0.2 FNU). In
general, water quality spatial patterns in the study area can be
intuitively divided into three regions starting from the southwest
to the northeast, in order: the GoB with high Chla, low Turb, and
moderate SDD; the shallow nearshore zone (water depths <
20 m) along Bahrain Island and Qatar Peninsula with high Chla

and Turb and low SDD, as well as the strong spatial gradients;
and the deep-water offshore zone (water depths > 20 m) with
low Chla, low Turb, and high SDD.

Multiannual mean Chla throughout the entire study area
ranges from ~0.6 to ~3 mg m~> and CVs of Chla exhibit
high variability (26.5%-311.1%) [see Fig. 4(a) and (d)]. The
highest mean Chla (2.27 mg m~—>) was observed in the GoB
where values > 3 mg m—> frequently occurred in the Gulf of
Salwah. Mean Chla was also relatively high (1.56 mg m~3) in
the MTW zone where sharp spatial gradients were observed. The
mean CV of Chla in both of these regions was relatively low (<
60%), indicating minimal change over time. In contrast, the EEZ
and DWR zones exhibited lower mean Chla (~1.2 mg m~—3)
and relatively high mean CV of Chla (>80%). The higher
CVs in these regions mainly occur in deeper waters and are
a result of intermittent algal bloom events [28]. This indicates
that Chla plays a large role in driving water quality in offshore
waters.

Multiannual mean Turb in the study area ranges from ~0.2
to ~3.0 FNU and similar to Chla CVs of Turb also exhibit
high variability (5.8%-170.5%) [see Fig. 4(b) and (e)]. Mean
Turb and mean CV of Turb are relatively high in the MTW
(1.10 FNU and 101.1%, respectively) and EEZ (0.59 FNU
and 82.6%, respectively) compared with the GoB (0.43 FNU
and 37.9%, respectively) and DWR (0.28 FNU and 52.3%,
respectively). A large belt of high mean Turb (>1 FNU) is
evident in nearshore waters north and east of Qatar Peninsula
[see Fig. 4(b)]. This area (7650 km?) also exhibits high CV of
Turb (>120%), which indicates that water quality in the shallow
nearshore zone is mainly controlled by sediment resuspension
events.

Multiannual mean SDD in the study area ranges from ~5
to ~12 m, but unlike Chla and Turb, CV of SDD exhibits
relatively low variability (2.2%-40.8%) [see Fig. 4(c) and (f)].
Mean SDD increases steadily from regions that primarily consist
of nearshore waters, including the GoB (7.42 m) and MTW
(7.49 m), to regions with deeper waters, including the EEZ
(9.71 m) and the DWR (11.13 m). SDD spatial patterns reflect
the features of Chla and Turb combined.

2) Monthly Climatology and Seasonal Variability: The CVs
of multiannual mean Chla, Turb, and SDD, as shown in Fig. 4,
highlight the overall variability observed over the past 20 years.
In this section, OWQ variability is examined on an intra-annual
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TABLE III
STATISTICAL SUMMARY OF THE CV (%) OF MULTIANNUAL MEAN CHLA, TURB, AND SDD OBTAINED FROM DAILY MODIS/AQUA OBSERVATIONS IN 2002-2022
FOR THE FOUR ROIS

CV of Chla (%) CV of Turb (%) CV of SDD (%)
mean + std  min—max mean + std  min—max mean £ std  min—max
EEZ 81.0+45.2  26.5-291.0 82.6£29.4  5.8-170.5 25.0+£2.7 2.2-40.3
MTW  41.9+14.4 27.1-189.3 101.1£29.0  5.8-151.4 22.4+3.7 2.2-32.2
GoB 59.3+149 33.7-98.5 37.9+£2.7 28.5-47.9 20.9+2.0 16.4-28.2
DWR  143.9+28.9 52.3-311.1 52.3+73 39.6-96.4 27.2+1.5 23.2-40.8
Note: The std means the standard deviation.
TABLE IV

scale using monthly climatology maps (see Fig. 5). Fig. 6 shows
the seasonality of each OWQ variable for the individual ROIs.

For the DWR, strong seasonal variability was observed for
Chla and SDD. Minimal Chla (~ 0.6 mg m—3) and maximal
SDD (~ 15 m) occur in late spring and summer. In winter, Chla
often exceeds ~ 2 mg m~3 and SDD is generally less than ~
10 m. Elevated wintertime Chla is consistent with observations
of toxic dinoflagellate blooms in Gulf waters [28]. Compared
with Chla and SDD, Turb in the DWR shows weak seasonal
variability with relatively low monthly values ranging from ~0.2
to 0.3 FNU.

Similar to the DWR, the GoB exhibits relatively low Turb
(~0.4-0.6 FNU) that changes minimally throughout the year.
Chla and SDD also display low seasonal variability in this region
with maximal Chla (~ 3.5 mg m—?) and minimal SDD (~ 6 m)
in the fall and minimal Chla (~ 1.5 mg m~—3) and maximal SDD
(~ 8 m) in early spring. Spatially, the southern GoB (or Gulf
of Salwah) generally exhibits higher Chla (> 2 mg m~?) and
lower Turb (~0.3 FNU) compared with northern GoB waters
[see Fig. 5(a) and (b)]. This pattern was generally observed year
round.

Seasonal patterns of OWQ variability in the EEZ and MTW
zones were also often observed. Both regions exhibited strong
seasonal variability in Turb with lower values observed in late
spring and summer compared with winter. Turb values ranged
from ~0.4 to 0.8 FNU in the EEZ and ~0.7 to 1.4 FNU in the
MTW zone. Moderate seasonal variability for Chla and SSD was
observed in the EEZ with similar patterns as the DWR. Weak
seasonal variability for Chla and SDD was observed in the MTW
with patterns similar to the GoB.

3) Long-Term Changes: The time series showing changes
in monthly mean OWQ (Chla, Turb, and SDD) for the four
ROIs is shown in Fig. 7. This provides an overall picture of
the complexity of OWQ variations in Qatari coastal waters.
High fluctuations in OWQ were observed throughout the entire
study period (2002-2022) that were dominated by the seasonal
component. After removing seasonality, the anomaly time series
(see Fig. 8) still shows obvious water quality fluctuations in
many months. The positive Chla anomaly values from the DWR
indicate algal bloom events, such as the dinoflagellate bloom
during 2008 and 2009. SDD anomalies from the DWR are
highly correlated with Chla anomalies (R = 0.86 and p < 0.001),
suggesting that the SDD anomalies are also caused by the algal

P-VALUE (P) AND MAGNITUDE (3) OF LONG-TERM TREND COMPONENTS OF
CHLA, TURB, AND SDD IN THE ROIS OBTAINED FROM MODIS/AQUA
OBSERVATIONS IN 2002 AND 2022

Chla Turb SDDx
p p p p p s
EEZ 0.00 -0.12 0.00 -0.029 0.00 0.39
MTW  0.00 -0.13 0.00 -0.053 0.00 0.28
GoB 0.03 0.08 0.01 -0.029 0.27 0.03
DWR  0.00 -0.08 0.00 -0.013 0.00 0.37

Note: f of Chla, Turb, and SDD are in mg m™3
decade™!, respectively.

decade™!, FNU decade™!, and m

bloom events. In addition, Chla anomalies between the EEZ and
MTW zones show a strong correlation (R = 0.69 and p < 0.001),
suggesting that the temporal changes of Chla in the EEZ were
dominated by those of the DWR, followed by those of the MTW.

Long-term changes are difficult to determine based on these
monthly time series because of perturbations caused by seasonal
variability and interannual fluctuations. Therefore, trend com-
ponents are obtained using the monthly time series to indicate
their long-term changes over 20 years.

Fig. 9 shows the long-term trend components of Chla, Turb,
and SDD (denoted as Chlay, Turbg, and SDDy, respectively)
for the four ROIs, and the magnitude and significance of these
trends are recorded in Table IV. Long-term trends for all OWQ
variables are statistically significant in the EEZ, MTW, and
DWR zones. For the GoB, Chla; and Turb; show statistically
significant trends, while SDD; (p = 0.27) does not. Chla
shows an increasing trend (0.08 mg m~> decade™') in the
GoB, but decreasing trend in the other three ROIs. The fastest
decrease in Chla was observed for the MTW (—0.13 mg m 3
decade™!), followed by the EEZ (—0.12 mg m 3 decade '), and
DWR (—0.08 mg m~3 decade™!). All ROIs showed decreasing
Turb with the greatest change observed in the MTW (—0.053
FNU decade "), followed by the EEZ and GoB (—0.029 FNU
decade™!), and the DWR (—0.013 FNU decade™!). SDD shows
increasing trends in the EEZ (0.39 m decade™!), DWR (0.37 m
decade™!), and MTW (0.28 m decade™!). Overall, these results
indicate that Chla and Turb are mostly decreasing in Qatari
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Fig. 5. Monthly climatology maps of (a) Chla (mg m~3), (b) Turb (FNU), and (c) SDD (m) obtained from MODIS/Aqua observations in 2002 and 2022. The
gray region shows the OLCI-based optically shallow-water mask. The region with brown color is land. The black areas represent regions with no valid data.
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Fig. 6.

Monthly climatological means of (a) Chla (mg m~3), (b) Turb (FNU), and (c) SDD (m) in the ROIs obtained from MODIS/Aqua observations in 2002

and 2022. The EEZ, MTW, GoB, and DWR zones are represented by the red, blue, black, and gray lines, respectively.
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Fig. 7. Monthly mean time series of (a) Chla (mg m~3), (b) Turb (FNU), and
(c) SDD (m) in the ROIs obtained from MODIS/Aqua observations in 2002 and
2022. The EEZ, MTW, GoB, and DWR zones are represented by the red, blue,
black, and gray lines, respectively.

coastal waters (with the exception being the GoB), and as a
result, SDD (i.e., water clarity) is increasing. However, these
rates of change are relatively small when compared with the
multiannual means (see Table II).

B. Sea Surface Temperature

SST exhibits strong seasonal variability in Qatari coastal wa-
ters with temperatures as high as ~ 38 °C in summer and as low
as ~ 17 °Cinwinter [see Fig. 10(a)]. Because minimal variability
was observed between the four ROIs [see Fig. 10(b)], long-term
trends in SST for the entire study area [see Fig. 1(b)] were
examined and compared with neighboring areas. Statistically
significant (p < 0.05) warming trends were observed for all
regions (this study area, Gulf, Red Sea, and Northern Arabian

Chla or Turb anomaly (%)
SDD anomaly (%)

N
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Fig.8. MODIS/Aquatime series of the percentage anomaly of Chla (red lines),
Turb (black lines), and SDD (blue lines) in (a) EEZ, (b) MTW, (c¢) GoB, and
(d) DWR between 2002 and 2022.

Sea) and seasons (winter and summer for this study area only)
that were examined.

SST; shows significant warming trends in the study
area during both daytime (0.64°C/decade) and night-
time (0.64°C/decade) [see Fig. 11(a)]. These trends were
slightly higher in the winter (December—February) (0.89—
0.92°C/decade) compared with the summer (June—August)
(0.56-0.73 °C/decade) [see Fig. 11(b) and (c)] and were similar
to trends observed for the entire Gulf (0.62-0.64 °C/decade) [see
Fig. 11(d)]. Qatari coastal waters are warming ~2-3 times faster
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Fig. 9. Long-term trend components of Chla (mg m~—3) (left column), Turb
(FNU) (middle column), and SDD (m) (right column) in the ROIs obtained from
MODIS/Aqua observations in 2002 and 2022. The panels from the top to the
bottom correspond to the following ROIs: EEZ, MTW, GoB, and DWR zones.
The dashed lines are linear trend-fitting lines. A statistical summary of these
relationships is provided in Table IV.

Fig. 10.  (a) Monthly climatology maps of daytime SST (°C) obtained from
MODIS/Aqua in 2002-2022. The region with brown color is land. (b) Monthly
mean daytime SST (°C) for the ROIs obtained from MODIS/Aqua observations
in 2002-2022. The EEZ, MTW, GoB, and DWR zones are represented by the
red, blue, black, and gray lines, respectively.

than the Red Sea and Northern Arabian Sea [see Fig. 11(e) and
(f)] and ~8 times faster than the global oceans [13].

C. Floating Algae

Annual and monthly mean climatology maps of floating algae
density are shown in Fig. 12, and the temporal variations of algae
scum coverage in the ROIs in 2016-2023 are shown in Fig. 13.
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Fig. 12(a) and (b) shows the annual mean and monthly mean
climatology images of MSI FD between 2016 and 2023, re-
spectively. Unlike for the OWQ parameters (Chla, Turb, and
SDD), FD did not show gradual spatiotemporal variations. The
algae scums occurred at various densities and extents with time,
from the shallow nearshore to the offshore. Usually, small-scale
algae scums slicks showed low density and low coverage around
Qatari coastal waters, particularly during August—November.
However, some intensive algae scums did occur in EEZ. For
example, extensive algae scums with high FD were observed
off the northeast of Qatar in 2016 (April) and off the north of
Qatar in 2017 (June) (see Fig. 12). Such intensive algae scums
did not show up again in the EEZ from 2018 to 2023, indicating
high interannual variability.

Fig. 13 shows that EEZ has the maximum climatology cov-
erage of algae scums in June (~ 1.7 x 10° m?) because of
the intensive algae scums in June 2017 (coverage ~ 2.4 X
10° m?). In the same month, MTW also has its own maximum
monthly and climatological coverage up to ~ 2.0 x 10° m?
that is an order of magnitude lower than that of EEZ. Thus, the
area with higher FD and larger extent of algae scums ranged
from the nearshore waters in the MTW toward the deep waters
within the EEZ boundary in June 2017. In April 2016, DWR
showed the maximum values of monthly (~ 2.3 x 10° m?) and
climatological coverage (~ 1.4 x 10® m?), which is at the same
order as the maximum coverage of EEZ. And EEZ has the second
peak climatology coverage upto ~ 1.1 x 10° m? in April because
of the high coverage in April 2016. Except for April and June,
EEZ shows the climatology coverage of more than 1.0 x 10° m?
in March, May, July, and September, while DWR shows that in
May, September, and the winter months. The relatively high
climatology coverage in MTW (> 1 x 10° m?) and GoB (> 1 x
10* m?) showed in June and the summer months, respectively.
Fig. 12 indicates that the coverage difference of algae scums is
attributed to the spatial pattern of high FD rather than the extent
size of ROI. Thus, in summary, high FD of algae scums often
occurred in the offshore. Moreover, large extents of algae scums
often occurred in EEZ during the spring and summer months,
and in DWR during the winter and summer months.

A total of 18 matching images between OLCI and MSI
were found with algae scums in December—June, August, and
October during 2016-2022, and algae scums of high FD could
be observed in 7 of them. The algae scums appear greenish in
the FRGB images. AR,.(1) in summer months exhibits local
reflectance maximum around 620 nm, with a slight decrease at
560 nm. These are characteristics of Trichodesmium [57], and
these features were also observed in the other matching images
during spring to autumn. For winter months, AR..(1) shows
the reflectance approaching zero at blue bands and the local
reflectance maximum around 560 nm, which were consistent
with the spectral features in the other matching images in winter,
and it can be inferred as green Noctiluca scintillans. Thus, the
algae scums type occurred in winter months is identified as
green Noctiluca scintillans, while that occurred from spring to
autumn is identified as Trichodesmium, which agrees with the
reported field observations and phytoplankton enumeration data
elsewhere in the Gulf [21], [61], [62], [63].
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Long-term trend components of daytime (red lines) and nighttime (blue lines) SST (°C) obtained from MODIS/Aqua observations in 2002-2022 for

(a) this study area, (d) entire Gulf, (e) Red Sea, and (f) Northern Arabian Sea. Similarly, seasonal SST trends for this study area were determined for (b) winter and
(c) summer only. The dotted lines are linear trend-fitting lines, and their slopes () corresponding to the warming rates are included.

IV. DISCUSSION
A. Main Findings

This study examined spatial/seasonal patterns and long-term
trends of OWQ and water temperature in Qatari coastal waters
using > 20 years of satellite ocean color data and SST data.
It supplements and expands upon the previous efforts focused
mainly on investigating changes in satellite-derived Chla and
SST in this region [10], [25], [26], [28], [29].

Here, optically shallow waters that are known to impact
retrieval accuracies are excluded and additional water quality
parameters (Turb, SDD, and floating algae) are examined.

OWQ in Qatari coastal waters showed high spatial variability
with strong nearshore—offshore gradients. Generally, Chla and
Turb were higher and SDD was lower in shallow, nearshore
waters (< 20 m) compared with deeper offshore waters. Such
values were relatively low compared with other turbid coastal
regions, especially those heavily impacted by estuarine outflow
[31], [36]. As a result, vast areas surrounding Qatar Peninsula,
where light effectively reaches the bottom, are optically shallow
and, therefore, require masking to prevent overestimations in
Chla/Turb and underestimations in SDD [see Fig. 2(b)] [29].

Water clarity in the MTW and EEZ zones is mainly con-
trolled by changes in resuspended sediments and algal blooms,
respectively. Algal blooms observed in deep offshore waters may
be used as a warning for bloom transport to nearshore waters
[10], [28], [29] given the strong correlation observed between
monthly Chla anomalies in the EEZ and DWR. High spatial,
seasonal, and interannual variability was observed for floating
algal scums. Based on the spectral shapes of the algal scums,
these events were found to be mainly caused by green Noctiluca
scintillans in winter months and Trichodesmium in spring and
summer months.

Strong seasonal variability in OWQ was also observed. The
seasonality of Chla and SST found in this study is consistent

with that reported previously for the entire Gulf [26], [30].
Long-term Chla trends (—0.12 mg m~ decade ') were mostly
consistent with previous studies for the EEZ [30], [64]. Moradi
[30] found slightly higher decreasing Chla trends (—0.14 to
—0.23 mg m 3 decade™!) for the Gulf in 2002-2018. However,
overall, these rates of changes while statistically significant are
relatively low compared with multiannual means (see Fig. 4),
indicating minimal change.

Qatari coastal waters are warming at a rate (~0.6 °C/decade)
similar to the entire Gulf, but ~2-3 times faster than surrounding
areas (Red Sea and Northern Arabian Sea) and ~8 times faster
than the global oceans [13]. The warming rate determined for
the entire Gulf agrees with previous studies [30], [64]. Increased
temperature may impact marine biodiversity and associated
fisheries in Gulf waters [65]. More specifically, bottom hypoxia,
HABS, and coral bleaching events have all been linked to warm-
ing waters [3], [8], [66], [67].

B. Uncertainties

While SST and FD derived from satellite measurements have
been shown to be reliable even for optically shallow waters and
optically complex turbid waters [41], [68], interpretations of
OWQ data derived from satellite measurements over optically
complex waters require caution, especially when there is lack
of in situ data to validate the observed spatial and temporal
patterns. Nevertheless, the OWQ data were estimated using the
community-accepted algorithms, and in the future, they can
be improved once large quantity of in sifu data is available
to fine-tune the algorithms or develop new algorithms. The
uncertainties in the estimated OWQ originate from both optical
complexity of water [25] and atmospheric correction errors in the
blue bands [69]. However, based on the published literature, such
uncertainties should have minimal impacts on the derived spatial
patterns and temporal changes of the OWQ. This is especially



16956

(b)

24°ME 30 51°E 30 52°E 30 53°F
N 2020

30'

30
24N E 30 51°E 30 52°E 30 53°E
27°N January (2016 - 2023)

30

30'

24°WoE 30" 51°E 30 52°E 30 53°E

279N g MaY (2016.- 2023)

30

30'

24°WE 30" 51°E 30 52°E 30 53°E
27°N September (2016 - 2023)

30'

30'

IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 17, 2024

2017

24°N°E 30 51°E 30 52°E 30 53°F
N 2021

30'

30'

24°ME 90 51°E 30 52°E 30 53°E

February (2016 - 2023)

24N °E 30" 51°E 30 52°E 30 53°E

275N g June (2016 - 2023)
30' 4

26°N S
30'

25°N
30

24°W0E 90" 51°E 30 52°E 30 53°E

27°N October (2016 - 2023)

30'

30'

30"

24°M°E %0 51°E 30 52°E 30 53°E

27°N

30

30'

24N °E 30 51°E 30 52°E 30 53°F

270N eMarch (2016 - 2023)

30

30"
24°NoE 30" 51°E 30 52°E 30 53°E
7N adly (2016 - 2023)

30"

30"
24°N°E 30" 51°E 30' 52°E 30 53°E
27°N November (2016 - 2023)

30'

30'

24ME 90 51°E 30 52°E 30 53°E

27°N 2023

24N 90 51°E 30 52°E 30 53°F

April (2016 - 2023)

FD (%)

24°WE 30" 51°E 30 52°E 30 53°E

27°N August (2016 - 2023)

24°WE 30" 51°E 30 52°E 30 53°E

December (2016 - 20)
4 T

s

24°WoE 30" 51°E 30 52°E 30 53°E

Fig. 12.

true for SDD and Turb as they were derived from spectral bands
of > 490 nm. Chla, on the other hand, is different because the
blue band used in the algorithm can be affected significantly by
OAC:s other than phytoplankton.

For this reason, Chla uncertainties can vary substantially
across different water types. For deep waters in this study,
Chla is believed to be reliable because optical properties appear
to be dominated by algal particles without interference of the
shallow bottom [11]. The positive anomalies in 2008 and 2009
correspond to the reported blooms [10], with a strong correlation
(R = 0.82) between the EEZ and DWR, suggesting the useful-
ness of Chla as an index of concentration of algal particles. Such
an argument appears reasonable even for the turbid coastal wa-
ters within the MTW ROI, where Chla variations are consistent
with those reported from field observations [11] and reasonable
agreement was found between satellite-derived Chla and field-
measured Chla (R ~ 0.8, [70]). Specifically, Chla decreases from
summer to winter with larger spatial variability in winter but

24WOE 90 51°E 30 52°E 30 53°E 24 NO°E 30 51°E 30 52°E 30 53°E

24°WE 30" 51°E 30 52°E 30 53°E

(a) Annual and (b) monthly climatology maps of FD (%) obtained from MSI/Sentinel-2 observations in 2016—-2023. The region with gray color is land.

higher Chla in summer in nearshore waters [see Figs. 5(a) and
6]. This is possibly because of the small interference of nonalgal
articles [Turb < ~ 4 FNU, Fig. 5(b)].

The GoB, however, appears to be a special case that requires
extra caution. The water is relatively clear (Turb < 0.6 FNU)
throughout the year, yet Chla is even higher (>1.5 mg m~?)
than in bloom waters of the DWR. Such a disparity is despite
the high-quality assurance score (0.8—0.9) of the MODIS R4(})
[71]1in the presence of possible dust particles [72], [73]. Thus, the
reasons behind the high Chla in the GoB despite the low turbidity
need to be explored further, especially through targeted field
measurements of Chla and turbidity as well as R (1) and other
optical properties, such as absorption and scattering coefficients.

Due to technical difficulties, optically shallow waters were
masked in this study [see Fig. 2(b)]. These are within the MTW
zone that could be affected by land-based discharges, especially
under increased human activities. Although it is suspected that
they are in phase with adjacent, optically deep waters, future
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The panels from the top to the bottom correspond to the ROIs EEZ, MTW, GoB,
and DWR, respectively.

studies should focus on these waters since studies on briny
discharge suggest very localized impacts [18], [19].

C. Future Perspectives

There is a clear need to develop local algorithms, especially
for optically shallow waters. To meet such a need and based
on the observed strong seasonality, it is suggested that these
waters are sampled at least once per season to cover the dynamic
range and different environmental conditions. In addition to field
measurements to improve algorithms and validate the observed
patterns, more satellites are required to assure continuity, espe-
cially when considering that 1) MODIS will stop functioning
by 2026 and 2) it often takes several decades to observe long-
term trends. Such multisensor long-term observations require
cross-sensor consistency. While there are many ocean color
sensors currently in orbit, the example in Fig. 14 shows that
consistent observations can be obtained from the OLCI/S3A
measurements.

The scatter and histogram comparisons of Chla obtained from
MODIS/Aqua and OLCI/S3A for the entire study area in 2016—
2022 are shown in Fig. 14(a) and (c). Despite the slightly higher
MODIS-derived Chla for midrange values, Chla obtained from
MODIS and OLCT agrees with each other in most pixels and their
correlation coefficient is 0.7. The difference of Chla between
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Fig. 14. Comparisons of monthly mean Chla and SDD obtained from

MODIS/Aqua and OLCI/S3A observations in the entire study area in 2016—
2022. (a) and (b) are scatter plots of Chla and SDD, and (c) and (d) are their
histograms, respectively. In the scatter plots, the black solid line represents the
1:1 line, and the color represents the density of the points on a logig scale.

MODIS and OLCI could be caused by the combined effects of
the different bands used in the inversion algorithms [39] and the
different spatial resolutions. As a reference, SDD is also com-
pared and Fig. 14(b) and (d) shows the comparisons. Because the
SDD algorithm [37] uses all visible bands weakening the effect
of different band sets, the correlation coefficient of SDD is higher
(0.87) and the histograms compare closely, especially for SDD <
15 m. Although there is still the difference of spatial resolution,
the agreement between MODIS and OLCI may improve further
if in situ dataset can be used for recalibrating and validating the
algorithms.

V. CONCLUSION

Due to limited resources, in situ data are often limited or
nonexistent in many regions around the globe despite the im-
portance of understanding water quality patterns. In the absence
of such in situ data, this case study uses Qatari coastal waters
as an example to demonstrate how spatiotemporal variations of
the general water quality can be obtained from satellite remote
sensing, which can provide Optical Water Quality (OWQ) and
SST data. This is through the use of the community-accepted
algorithms that have been implemented, tested, and evaluated
for Qatari waters [70], [71], together with considerations to
exclude low-quality data through the use of 12_flags [55] and
a customized optically shallow-water mask.

Such an effort led to the knowledge of spatial distribution pat-
terns and temporal changes of several water quality parameters
for the period of 2002—-2022. In general, strong seasonality was
found in all water quality parameters (Chla, Turb, SDD, SST,
and FD) in this study. While most of them showed no dramatic
long-term changes, SST showed a higher warming rate than
the adjacent Red Sea and Arabian Sea. Whether such trends
will sustain in the future requires continuous assessment using
consistent satellite data and algorithms.
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In future studies, the method of estimating water quality
parameters in optically shallow waters should be developed,
and more field observations should be conducted in nearshore
waters to account for the large gradients. In addition, the use of
high-resolution sensors is necessary to monitor algae scums as
a proxy of HABs. Finally, Qatari coastal waters are not isolated
but connected to other Gulf waters, thus requiring international
collaborations to measure and understand water quality patterns
and trends across the maritime boundaries [8].
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