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Abstract: Chlorophyll-a is one of the most important water quality parameters that can be observed
by satellite imagery. It plays a significant function in the aquatic environments of rapidly developing
coastal cities such as Ha Long City, Vietnam. Urban population growth, coal mining, and tourist
activities have affected the water quality of Ha Long Bay. This work uses Sentinel-2/Multispectral
Instrument (MSI) imagery data to a calibrated ocean chlorophyll 2-band (OC-2) model to retrieve
chlorophyll-a (chl-a) concentration in the bay from 2019 to 2021. The variability of chlorophyll-a
during seasons over the study area was inter-compared. The chlorophyll-a concentration was mapped
by analyzing the time series of water cover on the Google Earth Engine platform. The results show that
the OC-2 model was calibrated well to the conditions of the study areas. The calibrated model accuracy
increased nearly double compared with the uncalibrated OC-2 model. The seasonal assessment of
chl-a concentration showed that the phytoplankton (algae) developed well in cold weather during fall
and winter. Spatially, algae grew densely inside and in the surroundings of aquaculture, urban, and
tourist zones. In contrast, coal mining activities did not result in algae development. We recommend
using the Sentinel-2 data for seawater quality monitoring and assessment. Future work might focus
on model calibration with a longer time simulation and more in situ measured data. Moreover,
manual atmospheric correction of optical remote sensing is crucial for coastal environmental studies.

Keywords: anthropogenic impacts; chlorophyll-a; Ha Long Bay; optical remote sensing; seawater;
water quality

1. Introduction

Many stressors are putting pressure on aquatic ecosystems, including land-use change,
climate change, human activities, and pollution [1]. More than half of the world’s pop-
ulation lives adjacently to water bodies and carries out activities that increase aquatic
stressors, such as anthropogenic eutrophication and algal blooms [2]. Due to urban popu-
lation growth, increasing industrial, agricultural and urbanization activities, and global
climate change, many challenges confront aquatic ecosystems such as lakes, reservoirs,
estuaries, and oceans [3]. The most significant challenges are nutrients and sediment
concentrations [4]. According to numerous studies, deterioration in water quality is one
of the most pressing threats to society in the future [2]. Physical, chemical, and biological
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parameters are often used to describe water quality and identify the source of any pollution
or contamination that could cause water quality degradation [5].

Water quality can be routinely assessed using satellite-based remote sensing, which
has shown to be an effective and efficient approach [5–7]. The application of remote sens-
ing technology in water quality assessment has been widely applied and gained many
important achievements over the past 40 years [8]. Some of these studies exploited the
relationship between the optical properties of water and water quality parameters such
as optical depth, total suspended solids, or chlorophyll content [9–11], where empirical
(simple statistical relationships were developed), semi-analytical (physical relationships
between the inherent optical properties and satellite data) models, and machine learning
algorithms (e.g., artificial neural networks) were typically used [12,13]. All particulates
(suspended solids and phytoplankton) in the water column scatter and absorb light, with
the amount depending on their size and shape. Chlorophyll-a is the main pigment in
phytoplankton, with absorption peaks at 438 nm and 676 nm, which can be used for its
detection. Chlorophyll-a concentration is generally used to assess the primary productivity
or eutrophication level of water bodies because it indicates the health of aquatic ecosys-
tems [14]. Chlorophyll-a is a parameter routinely tested in aquatic ecosystems to determine
phytoplankton or algal levels. Although algae are a natural part of aquatic ecosystems,
excessive algal growth can cause aesthetic problems, such as surface scum, bad odors, and
decreased dissolved oxygen levels [15]. Some algae also produce toxins that can cause
public health concerns when found in high concentrations [16]. Accordingly, chlorophyll-
a concentration retrieval at a synoptic scale is crucial for water quality assessment and
management [17].

The Multispectral Instrument (MSI) installed on Sentinel-2 satellites is an auspicious
tool for studying and assessing the aquatic environment [18]. It has been used to establish
relationships between water quality parameters and spectral reflectance in water bodies.
Some studies have also used it to assess inland water quality [19,20], although the main pur-
pose of Sentinel-2 is global land monitoring [21]. Several algorithms have been developed
from different multispectral satellites using either individual or ratios of spectral channels
to calculate chlorophyll-a in water [7]. Typically, simple ratio-based algorithms, such as
green/blue spectral channels [22], green/red [23], or near-infrared (NIR)/red spectrum
channels [24], are applied to coastal water or inland lakes for water quality assessment.
Where ratio-based algorithms are used, they usually require some ‘tuning’ or refinement
for regional applications and derived quantitative results [25]. Most empirical algorithms
for water quality parameter retrieval require regional calibration for the appropriate op-
tical characteristics of the different sites. Thus, their performance across broader scales
and waters with unique and varying optical properties can be limited. However, where
chlorophyll-a algorithms are tuned for MSI against the Sentinel-3 Ocean and Land Color
Instrument (OLCI) concurrently, significant improvements in the algorithm performance
can be achieved, as the retrieval precision for OLCI is better than MSI [12].

This work investigates the variation of chlorophyll-a content in Ha Long Bay of Ha
Long City from 1 January 2019 to 30 June 2021 using Sentinel-2 MSI images on the Google
Earth Engine (GEE) platform. The study applied the algorithm based on the OC-2 band
developed by Poddar et al. [26] for Bengal Bay and calibrated it for chl-a concentration
estimation in Cua Luc Bay. Applying the OC-2 algorithm to Cua Luc Bay is justifiable, as
both bays have similar geography and climatic conditions, i.e., at the latitude of 21 degrees
in the tropical monsoon climate of Vietnam.

2. Materials and Methods
2.1. Study Area

Ha Long is the largest city in the Quang Ninh province, North Vietnam. Ha Long
Bay and Cua Luc Bay are part of the city (Figure 1). Cua Luc Bay has the water’s deepest
point of approximately 17 m and an area of 18 km2 and receives freshwater from many
small streams and rivers before discharging the water to Ha Long Bay through the narrow
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Bai Chay Strait. Therefore, Cua Luc Bay also acts as a typical funnel-shaped estuary. As a
result of the rapid development, the bay receives most of the wastewater and solid waste
from the catchment’s mining activities, industrial zones, and residential areas around the
bay [27]. Domestic wastewater contains many organic compounds and a small number of
inorganic compounds in the form of residues, suspended compounds, dissolved minerals,
etc. The increasing catchment activities have negatively impacted water quality in Cua
Luc Bay, with increasing chlorophyll-a concentration and decreasing water clarity being
reported. Besides receiving the discharge water from Cua Luc Bay, Ha Long Bay water is
additionally affected by the domestic wastewater from rapidly developing urban, tourist
activities, aquaculture (fish cages), and coal mines.
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Figure 1. Location of the study area of Ha Long City in Quang Ninh Province of Vietnam with
49 points divided into six groups (distinguished using colored circles) of anthropogenic impact on
chlorophyll-a concentration.

The selected study area lies between 20◦51′37.7928′′–21◦14′58.1316′′N and 106◦ 48′8.2044′′–
107◦17′20.6988′′E. In this study area, 49 assessment points were selected and divided into
six groups, indicating the predominant anthropogenic influence on water quality. The
points were selected based on their likelihood of anthropogenic impacts (based on their
proximity to urban areas, tourist attractions, etc.) and current and tide information [28,29].
Each group potentially represents a different chlorophyll-a concentration and is depicted
by distinguishable colored circles in Figure 1.

2.2. Data Collection
2.2.1. Remote Sensing Data

Sentinel-2, launched as part of the European Commission’s Copernicus program,
includes two satellites: Sentinel-2A (23 June 2015) and Sentinel-2B (7 March 2017), both
carrying multispectral instruments (MSI) measuring reflected radiance in 13 bands from
the visible to short wave infrared. They were designed to give a high revisit frequency of
5 days at the equator for acquiring optical imagery at high spatial resolution from 10 m to
60 m over land and coastal water. The Sentinel-2 mission aims to ensure that Sentinel-2
makes significant contributions to the Copernicus themes such as climate change, land
monitoring, emergency management, and security [30,31].
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In this study, 81 Sentinel-2 Level-2A images were processed directly in the GEE data
storage [31]. The GEE Sentinel-2 Level-2A images are provided (available from 28 March
2017) and maintained by the European Space Agency (ESA). The images were filtered
based on the percentage of cloud cover less than 50% and checked manually to ensure the
cloud cover and their shadows did not affect the study areas. The surface reflectance Level
2A data was processed for the Bottom of the Atmosphere (BOA) by the provider using the
Sentinel-2 Toolbox [32]. All the Sentinel-2 images contain 13 spectral bands representing
spectral reflectance with their central wavelength and spatial resolution (in m) described in
Table 1.

Table 1. Spatial resolution bands of Sentinel-2 Level 2A; NIR stands for near-infrared, and SWIR is
short-wave infrared.

Sentinel-2 Bands Central Wavelength (µm) Bandwidth (µm) Spatial Resolution
(m)

Band 1—Coastal
aerosol 0.443 0.020 60

Band 2—Blue 0.490 0.066 10
Band 3—Green 0.560 0.035 10
Band 4—Red 0.665 0.030 10
Band 5—Vegetation
red edge 0.705 0.015 20

Band 6—Vegetation
red edge 0.740 0.015 20

Band 7—Vegetation
red edge 0.783 0.020 20

Band 8—NIR 0.842 0.012 10
Band 8A—Vegetation
red edge 0.865 0.020 20

Band 9—Water vapor 0.945 0.020 60
Band
10—SWIR—Cirrus 1.375 0.030 60

Band 11—SWIR 1.610 0.090 20
Band 12—SWIR 2.190 0.018 20

2.2.2. NOAA Chlorophyll-a Data

Chlorophyll-a data from the National Oceanic and Atmospheric Administration
(NOAA) for Cua Luc Bay were collected for calibration. The data are near real-time,
provided for a global scale, processed at level 3, and calibrated weekly using the Visible
and Infrared Imager/Radiometer Suite/Suomi-NPP (VIIRS) by NOAA [33]. The data were
downloaded in GeoTIFF format during the periods of the Sentinel-2 data for the whole
study area.

2.3. Methodology
2.3.1. Workflow Chart

The workflow chart (Figure 2) describes the steps in the method. First, the Sentinel-
2 surface reflectance processed at level-2A was retrieved from the GEE database and
extracted for the region of interest (ROI). Then, the Normalized Difference Index (NDWI)
was calculated for each image and used to separate water and land areas by applying a
threshold. NDWI was calculated as the ratio between Green and Near-Infrared bands
to highlight water bodies. In the case of Sentinel-2 images, NDWI was computed (using
Equation (1)) after thresholds were applied for the NDWI.

NDWI =
B3− B8
B3 + B8

(where B3 is the green band; B8 is the NIR band) (1)
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This layer was multiplied by the chl-a layers subsequently. For chl-a determination,
chl-a layers were at first computed using the model developed by Poddar et al. [26] as
the initial conditions. The accuracy was evaluated by comparing values of random points
of NOAA with corresponding points in the chl-a layer. In this process, the coefficient of
determination (R2) was computed, and the process was repeated with manual parameter
adjustments until the R2 value became greater than 0.7 and the root mean square errors
were calculated for the final chl-a layers. The final chl-a layers were accumulated and then
masked for land by multiplying the original NDWI mask layer.

2.3.2. The Chlorophyll-a Model

Based on the findings provided by Poddar et al. [26], this study used the ocean
chlorophyll 2-band (OC-2) algorithm, one of the Sea-Viewing Wide Field-of-View Sensor
(SeaWiFS) chlorophyll algorithms [26,34], which were shown to be retrieved with “chl-a
with the correlation of 0.795 and least bias of 0.35 mg/m3” when compared with the OC-3.
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The OC-2 was adopted for estimating the chl-a concentration in Ha Long Bay, Vietnam.
The OC-2 is an empirical equation relating remote sensing reflectances (Rrs) in the 490
and 555 nm bands to chlorophyll-a concentration (C). The OC-2 algorithm was tuned
to SeaBAM data, representing a range of marine water types with chl-a concentrations
of 0.05 > chl-a > 3 mg/m3. Previous versions of OC-2 underestimated chl-a at higher
concentrations. This would be greatly improved with acquired in situ chl-a concentrations
and corresponding land surface reflectance (Rrs) from either surface radiometry or satellite
images. The cubic polynomial OC-2 algorithm is shown in Equation (2) below:

C = 10(a0+a1×R+a2×R2+a3×R2) + a4 (2)

where R = log(Rrs(490)/Rrs(555)); a0 = 0.341, a1 = −3.0010, a2 = 2.811, a3 = −2.041 and
a4 = 0.0400 [26].

Rrs is obtained from the Land Surface Reflectance [35], computed by:

Rrs(λ) =
ρ

π
(3)

where lamda (λ) is the central wavelength, ρ is the surface reflectance and π equals 3.142.
The Rrs obtained for the bands were then used in the OC-2 algorithm to retrieve

chlorophyll-a in the Google Earth Engine platform and QGIS software for MSI sensors
of Sentinel-2. The model was applied in the training and testing phase. In the training
phase, the model parameters were adjusted until the error indicators (R2) reached an
accepted value of 0.7, and then RMSE was computed. The calibration of the model was
tuned manually based on an analysis of the trend and slopes of linear regression. This
manual tuning procedure established appropriate values using the previous literature and
experience of the modeler.

2.3.3. Coding in GEE, Result Presentation and Analyses

The JavaScript program language was used for coding in GEE computational platform
to perform all these tasks in the study workflow. Other spatial visualization and chl-a
map trends were made using the QGIS software. Assessment of chl-a concentration was
assessed at selected locations of aquaculture, coal mines, estuaries, lakes, urban activities,
and 5–8 km offshore (to represent water’s where effects of human activities are minimal),
graphed and analyzed in Microsoft Excel software.

2.3.4. Error Estimation

We used the coefficient of determination (R2) computed by Equation (4) and the
root-mean-square error (RMSE) calculated by Equation (5) to evaluate the goodness of
fit between the model estimated and the NOAA chl-a. The greater R2 values indicated
greater agreement of the model with the validated data. On the other hand, larger RMSE
values indicated higher errors in the model. In addition, a scatter diagram was plotted to
graphically show the correlation between model prediction and the NOAA data. Both R2

and RMSE were calculated in the training and testing phase.

R2 = 1− ∑n
i=1(yi − ŷi)

2

∑n
i=1(yi − yi)

2 (4)

RMSE =

√
∑n

i=1(yi − ŷi)
2

n
(5)

where ŷi represents the predicted value of yi, yi is the mean of observed data, and n is the
number of predicted values.
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3. Results
3.1. Model Calibration

It was clearly shown that the scatter plots between the calibrated OC-2 predicted
versus the NOAA chl-a data were more convergent to the linear diagonal line (the blue line)
in the training phase (Figure 3A) than the scattered plots in the testing phase (Figure 3B).
In both phases, the calibrated OC-2 estimated lower chl-a values than the NOAA chl-a
data in the value range from 12.5 mg/m3 to 20 mg/m3. The opposite trend was shown
with the chl-a values under 5 mg/m3. In comparison, the initial uncalibrated OC-2 model
predictions showed a large extent of divergent chl-a values compared to the NOAA data
(Figure 3C). Therefore, the calibration by changing the coefficients in Equation (2), as shown
in Table 2, made the OC-2 model adapt to the region of Ha Long City.
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Table 2. Coefficient of determination (R2) and root mean square error (RMSE) computed for training
and testing phases, and a comparison of coefficients of the original OC-2 [26] and the calibrated
model of this study.

Parameters Original OC-2 [26] Calibrated Model
Training Phase

Calibrated Model
Testing Phase

R2 0.30 0.85 0.81
RMSE (mg/m3) 4.15 2.30 2.80

Coefficients of
Equation (2)

a0 = 0.341
a1 = −3.0010

a2 = 2.811
a3 = −2.041
a4 = 0.0400

a0 = 0.354
a1 = −2.8009

a2 = 2.902
a3 = −1.977
a4 = 0.0750

The coefficient of determination (R2) values of 0.85 and 0.81 were obtained for the
model training and testing phases, respectively (Table 2), indicating that the model fit well
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with the NOAA reference data. On the other hand, the root mean square errors (RMSE) of
2.30 and 2.85 mg/m3 of each phase indicated that the mean of square differences between
the model predicted and the NOAA data were small. In the testing phase, the R2 (0.81)
and RMSE (2.80 mg/m3) values showed that the model accuracy was slightly degraded
compared to the training phase, and the model seemed to overestimate the small NOAA
chl-a values. This overestimation may be the result of the down-scaling of the NOAA
resolution (~4 km) to Sentinel-2 (10 m). However, the calibrated model was considered
robust enough.

3.2. Change in Chlorophyll-a at Selected Locations

Figure 4 provides a breakdown of the changing chlorophyll-a concentration (at the
natural logarithm scale) with its standard deviations at selected locations from 1 January
2019 to 30 June 2021, which are considered to be affected by six impact factors: aquaculture,
coal mines, tourism, lakes, urban activities and 5–8 km offshore (considering the effects of
the mentioned factors are minimal on the chl-a concentration [36]). The results showed that
all selected locations had considerable fluctuations in chlorophyll-a concentration. However,
the chlorophyll-a concentration fluctuations in lakes, aquaculture, and urban activities
were dominant. Specifically, the chlorophyll-a concentration in lakes increased dramatically
from 17 September 2020 and peaked on 27 October 2020 at more than 4.8 (mg/m3). In
addition, the plots show some seasonality, with high rainfall typically falling between May
and September, resulting in a decrease in the chl-a concentration.
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3.3. Seasonal Chlorophyll-a Distribution

Seasonal variation of chlorophyll-a distribution in Ha Long Bay and its surroundings
in 2019 was estimated from Sentinel-2 Level-2A using the OC-2 algorithm, as shown in
Figure 5. The results showed that the water of Yen Lap Lake and the areas around Tuan
Chau and Hoang Tan islands had high chlorophyll-a concentrations. The highest values
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were found in the fall (August to October) and winter (November to January) seasons
(>100 mg/m3), followed by the summer (May to July) season and reached the minimum
during the spring season. Similarly, high chlorophyll-a concentrations can be found near
intensive tourism activities in the summer. In addition, the chlorophyll-a distribution
patterns vary unevenly from 0 to 100 mg/m3 near the mouth of the rivers. Offshore has
low chl-a concentration, dropping to 0–10 (mg/m3) for all seasons.
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The variation of chlorophyll-a concentration over the seasons is closely related to the
river discharge. Cua Luc Bay receives a large total river discharge from three tributaries
in the summer, the largest being in July and August. Hence, rainfall is a very important
factor related to the changes in the amount of chlorophyll-a in Cua Luc Bay. Three large
rivers, i.e., Dien Vong River, Man River and Troi River, flow and carry minerals and
sediment-rich waters into Cua Luc Bay during the summer season [37]. As a result, more
nutrients are transported to the bay, increasing the phytoplankton growth and enhancing
the chlorophyll-a concentration.

During the winter and fall seasons, sunlight, temperature, and nutrient levels deter-
mine phytoplankton growth in the water around Tuan Chau and Hoang Tan islands and
lakes. NOAA reported that water that rises to the surface due to upwelling is typically
colder and is rich in nutrients and high biological productivity. These nutrients “fertilize”
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the surface waters [38]. There is no clear link between upwelling and the abundance of
phytoplankton in cold water. On the other hand, the gradual rise of chlorophyll-a con-
centration is related to industrial wastewater consisting of organic synthetic substances
or heavy elements and discharging to the environment, hence increasing chlorophyll-a
concentration [39].

3.4. Mapping Chlorophyll-a Concentration

Figure 6 displays the mean chlorophyll-a concentration from 1 January 2019 to 30 June
2021, showing us a general picture of chl-a concentration in the study regions. The distri-
bution of chl-a tended to focus more on the areas with lakes, aquaculture, and nearby the
high intensity urban and tourist activities (near Tuan Chau Island). Particularly, the Cua
Luc water was affected by the large Cai Lan industrial and port zone, where disposing of
wastewater containing organic matters resulted in high concentrations of chl-a. In addition,
residual fish foods from aquaculture produced the highest values of chl-a content in the
west of the study area, marked by the red arrows on the map. In contrast, the effects of
coal mines on the chl-a concentration of the coastal water were negligible and similar to
the offshore areas with chl-a concentrations of less than 10 mg/m3 (southeast region of
the map).
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4. Discussion

Satellite remote sensing has been used as a valuable tool to support monitoring water
quality, especially chlorophyll-a concentration [39,40]. Compared to traditional monitoring
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methods, remote sensing offers great temporal and spatial coverage and can estimate the
water quality of non-accessible water bodies [41]. In this study, we explored those data in
the Google Earth Engine (GEE), one of the most popular platforms for large-scale studies
of processing satellite data. Hereby, we discuss the state-of-the-art GEE in terms of large
open datasets of different sensors (optical and microwave) available. GEE is a geospatial
processing service developed to provide an interactive platform for geospatial algorithm
development, enabling high-impact, data-driven science and making substantive progress
on global challenges dealing with large geospatial datasets. Computationally, GEE is built
on top of Google’s tools and service for performing computations at a massive scale using
an Earth Engine Compute Unit (EECU), which is a mechanism for representing an amount
of instantaneous processing power (https://developers.google.com/earth-engine/guides/
computation_overview, accessed on 21 September 2022). Hence, complicated processing
can be done on the GEE without the user’s powerful servers or computational stations.
That has significantly increased GEE publications during the past few years [42].

There are several algorithms to estimate the chlorophyll-a content in water in general
and in ocean water in particular, e.g., OC-2, 4 [26,43] or a machine-learning approach [44].
It is considered to be worth applying existing algorithms rather than developing new
ones in terms of cost and time-efficiency. However, algorithms must be adopted with
care because differences in geographical, climate, and human-induced conditions between
original and applied regions may result in variations of results. This study’s calibration
approach significantly reduced the uncalibrated model’s large errors (R2 and RMSE). We
used the NOAA chl-a data for the model calibration, which has a high temporal resolution
(weekly) but a moderate spatial resolution (4 km). Hence, the calibration results could
improve if finer or in situ data were available.

Sentinel-2 satellites with MSI sensors are a good data generator for monitoring vari-
ability in land surface conditions [31] but also for studying and assessing aquatic environ-
ments [44,45] and all coastal waters up to 20 km from the shore. In this work, we used the
Sentinel-2 data processed level-2A from 12 March 2019 to 25 August 2021 directly from
the Google Earth Engine data storage. Besides many advantages of fine spatial resolution
(10 m), multi-spectral bands (13 bands), and high temporal time (every five days), there
are limitations of the optical data for the ocean chl-a application in using GEE. They are
cloud covers and cloud shadows, reducing the number of usable scenes, particularly in the
rainy season. Even within the 2.5 year period, there were only 81 images with less than
50% cloud coverage. Hence, for better mean and seasonal chl-a maps, a longer assessment
time is recommended.

In using optical remote sensing data, atmospheric correction is crucial and challeng-
ing [46]. There are several advance atmospheric correction methods for optically complex
waters [47,48]. Sen2cor is a well-known tool developed by Telespazio VEGA Deutsch-
land GmbH on behalf of ESA [49]. The main purpose of Sen2Cor is to correct single-date
Sentinel-2 Level-1C Top-Of-Atmosphere (TOA) products from the effects of the atmosphere
to deliver a Level-2A Bottom-Of-Atmosphere (BOA) reflectance product. This study used
this product provided in the GEE globally. Hence, we may need additional information on
local conditions such as climate (tropical vs. arid) and a geographic model (urban, forest,
or water) when applying for a specific region. The GEE Sentinel-2 level-2A data are ideal
for automatic processes and minimal effort for water quality monitoring and can be easily
incorporated into operational monitoring programs and are thus highly recommended.

The satellite results of anthropogenic impact on chlorophyll-a concentration might be
linked to the timing of the algal bloom surface representation coinciding with the satellite
overpass. Although algae have diurnal movements, their cell buoyancy allows for them
to move vertically through the water column as well. Winds and tides can also mix algae
into the water column [50] therefore if algal blooms do not occur concurrently to satellite
overpasses, then it may lead to an underestimation of chl-a. If conditions are suitable in the
water, algae can grow and cause a “bloom”, covering lakes with green. Algae blooms can
cause serious health effects and even death to the surrounding aquatic ecosystem. Apart

https://developers.google.com/earth-engine/guides/computation_overview
https://developers.google.com/earth-engine/guides/computation_overview
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from this, urban activities have a considerable impact on the water quality, which causes
an increase in the amount of chlorophyll-a. Urban activities have the most consistent and
ubiquitous effects on surrounding aquatic ecosystems [51]. Wastewater and waste materials
contain many organic compounds that enrich the algae and increase the chlorophyll-a
concentration. In addition, aquaculture operations may pollute the surrounding water
when solid and soluble waste is generated [52]. Too much nitrogen or phosphorus in fish
food can lead to eutrophication and poor water quality. In contrast, 5–8 km offshore (chl-a
concentration dropping to 0–10 mg/m3 for all seasons), estuaries, and coal mine activities
appear to only slightly affect the chlorophyll-a concentration, and this trend is supported
by [36].

Finally, while using optical remote sensing for an ocean chl-a study is popular [53–55],
an assessment linked to other effects, such as industrial and urban, tourist, coal mining
activities, and aquaculture, of this study is still a gap. Rivers, streams, aquaculture, and
urban contribute a significant amount of nutrients that promote the phytoplankton (algae)
to grow [56–58]. It was also found that the effect of coal mining on phytoplankton growth
was negligible. The variation maps of chlorophyll-a concentration were the primary
result. The work will continue to focus on extracting the in situ data corresponding to the
examined points, conducting the regression analysis, and then changing the formula to
apply to the region.

5. Conclusions

Chl-a has been shown in many studies to be an important and useful water quality
indicator. There are several approaches to measure or estimate the chl-a content in the
water, including semi-analytical or empirical methods. However, using remote sensing data
has many advantages, such as cost and time efficiency, ability to conduct investigations at a
large scale with finer resolution (compared to direct point measurement), and automation
in long-time series. In particular, since a wide range of remote sensing data sources are
being integrated into the GEE storage with already preprocessed data (levels 2,3), it is a
huge support for Earth observation users to research and develop applications. Although
the MSI sensor on Sentinel 2 is not optimal for water quality assessment when compared to
ocean color sensors such as OLCI, the fine spatial resolution makes it useful for assessment
of rivers, estuaries, and coastal embayment, as shown in this study [59]. Concurrent tuning
of the chl-a algorithm with MSI and OLCI has demonstrated improved precision of chl-a
retrievals from the MSI data [12]. Hence, it is highly recommended to use. This study
effectively adopted the OC-2 from the previous research to generate a chl-a concentration
map for quickly assessing the impacts of build-up, tourist, aquaculture, and coal mining
activities on the chl-a development in the coastal water of Ha Long Bay. This study has
successfully demonstrated the use of NOAA chl-a data to calibrate the OC-2 model, but
it is recommended that an increased assessment period and integration of in situ gauged
information will be essential for follow-up works to improve the model prediction and
replication of the result for other similar regions.
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