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ABSTRACT

The study examined the core, buffer, and transition zones within the Cat Ba Biosphere Reserve in
Vietnam to assess changes in five land cover categories (water surface, cropland, vacant land, residential
land, and forestland) between 2018 and 2022. Additionally, we aimed to evaluate water quality using
three indicators (normalized difference turbidity index, normalized difference chlorophyll index, total
suspended solids) and air quality using four indicators (nitrogen dioxide, sulfur dioxide, carbon mon-
oxide, ozone) for the 2022 data. Land cover change analysis and monitoring of water and air quality
indicators were conducted using the Google Earth Engine platform, employing Sentinel-2 imagery for
land cover and water quality assessment and Sentinel-5P images for air quality assessment. The findings
revealed correlations between changes in land cover and water and air quality indicators within the Cat
Ba Biosphere Reserve. While occasional instances of values surpassing permissible limits were noted,
the average values over the 12-month period in 2022 indicated that water and air quality indicators
remained within acceptable thresholds. These results suggest effective preservation efforts in the Cat
Ba Biosphere Reserve, indicating no significant signs of degradation.
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Introduction the economic growth of local communities, and contri-
bute to the emergence of knowledge-based management
arrangements at regional, provincial, and national levels
(Nam, Bosch, and Maani 2009). However, despite this
development, the Cat Ba Biosphere Reserve is experien-
cing significant tourism and revenue growth.
Simultaneously, environmental degradation persists,
and high levels of poverty remain in several of the com-
munes in the area (Bosch, Maani, and Smith 2007).

Monitoring of ecological change within such reserves

The International Network of Biosphere Reserves has
been established under United Nations Educational
Scientific and Cultural Organization (UNESCO) Man
and the Biosphere Programme to conserve biodiversity
and promote its sustainable use. Biosphere reserves are
internationally recognized landscapes that are set aside to
protect various ecological characteristics. Ensuring the
management and protection of biosphere reserves is
a collective responsibility that encompasses society at
large, with particular emphasis placed on leveraging
new technologies for the effective monitoring of these
reserves. There are 738 biosphere reserves in 134 coun-
tries, including 22 transboundary sites, forming the
World Network of Biosphere Reserves (UNESCO 2023).
According to the UNESCO Man and the Biosphere

is a central component of biosphere reserve management,
and traditional methods have proven difficult and costly.
The management and protection of biosphere reserves
represent cooperative social responsibilities. The utiliza-
tion of cutting-edge technology, such as satellite imagery,
is particularly crucial in fulfilling this duty (Machlis and

Programme, UNESCO introduced related notions and
concepts as early as the 1970s and 1980s. These ideas
align with current thinking on integrated conservation
and development models, the conservation and sustain-
able use of biodiversity, and broader discussions on sus-
tainable development. Biosphere reserves can serve as
platforms for policies and practices that promote the
conservation and sustainable use of biodiversity, foster

Wright 1984). Currently, remote sensing data are har-
nessed from various satellite sources and find widespread
applications across multiple industries and fields (Hung,
Asaeda, and Thao 2021; Hung, Giang, and Quang 2016;
Volke and Abarca-Del-Rio 2020; Thao, Giang, and Anh
2024). Satellite imagery can provide comprehensive spa-
tiotemporal characterizations of ecosystem functions at
local to global scales (Cazorla et al. 2023).
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Specifically, Sentinel-2 imagery has a positive impact
on land use and land cover (LULC) monitoring, parti-
cularly in the monitoring of crops, forests, residential
land areas, and water resources (Phiri et al. 2020).
Notably, the Sentinel-2 mission is designed to support
land monitoring services, encompassing changes in
LULC for environmental assessment, crop monitoring
for food safety, detailed analyses of vegetation and for-
ests, and the measurement of vegetation indices (chlor-
ophyll concentration, carbon mass estimation, leaf area,
leaf water content). Additionally, it is employed in
observing coastal areas for marine environment mon-
itoring, and for monitoring of inland waters (Iurist
(Dumitrascu), Stitescu, and Lates 2016).

Water quality indicators were analysed by assessing
water samples collected during field measurements.
However, field studies are often expensive, time-
consuming, and labour-intensive. In some cases, logis-
tical constraints may prevent the execution of field
surveys. Therefore, the most viable alternative for
obtaining water quality measurements is through
remote sensing satellite data, which can capture spatial
and temporal changes in water turbidity and other
assessment criteria (Soriano-Gonzalez et al. 2019).

Moreover, scientific investigations related to atmo-
spheric compounds, such as nitrogen dioxide (NO,),
sulfur dioxide (SO,), carbon monoxide (CO), ozone
(Os), and aerosols (ultra-fine particles), have been con-
ducted utilizing Sentinel-5P imagery (Bodah et al. 2022;
Kang et al. 2021; Prunet et al. 2020; Saw et al. 2021). The
Sentinel-5P mission plays a crucial role in collecting
valuable data for assessing global air quality, enabling
analyses on climate, air quality, and surface ozone/ultra-
violet ray (UV). Key data products such as nitrogen
dioxide (NO,), sulfur dioxide (SO,), carbon monoxide
(CO), and ozone (O3) provide quality parameters for the
troposphere (Frost, Kopacz, and Kondragunta 2020;
Vries et al. 2016). Recently, Sentinel-5P TROPOMI
satellite image data have been stored and shared using
cloud computing technology, enabling effective and
rapid monitoring and assessment of air pollution levels
in large areas. This approach is characterized by its
speed, accuracy, and high spatial and multi-temporal
resolution (Chinh, Hang, and Quynh 2023). The
Sentinel-5P  satellite is equipped with the
TROPOspheric Monitoring Instrument (TROPOMI),
designed to measure trace gases and aerosols in the
troposphere, impacting air quality and climate. This
instrument enables the monitoring of various pollu-
tants, including CO, NO,, O3, SO,, and formaldehyde
(CH,0O/H,CO),as well as applications related to climate
and ozone/surface UV (Frost, Kopacz, and
Kondragunta 2020; Vries et al. 2016).

Nasiri et al. (2022) leveraged the Google Earth Engine
(GEE) cloud computing platform to generate a cloud-
free Sentinel-2 time series covering the Tehran Province
in Iran for the year 2020. Two composition methods,
namely seasonal composites and percentile metrics,
were employed to create four datasets, integrating satel-
lite time series, vegetation indices, and topographic
layers. The random forest (RF) classifier played a key
role in LULC classification and the identification of
crucial variables. The study concluded that this metho-
dology, utilizing cloud computing on GEE, can rapidly
and accurately produce LULC maps, making it applic-
able for large-scale mapping (Anh et al. 2023; Thao and
Sengchanh 2022).

Currently, various methods are employed to enhance
the accuracy of remote sensing image classification and
LULC mapping (Lu and Weng 2007). In addition to
conventional techniques such as controlled classifica-
tion and object-oriented classification, recent
approaches like decision tree methods, artificial neural
networks, support vector machines (SVMs), and k-near-
est neighbours widely adopted in research on object
classification from remote sensing images (Apte and
Patravali 2015; Mora et al. 2017). These methods fall
under the umbrella of machine learning models. Among
these methods, RF has emerged as a promising
approach for classifying remote sensing images with
high accuracy (Anh et al. 2021; Hien et al. 2022; Noi
and Kappas 2017; Thao and Sengchanh 2022).

The assessment of water quality using satellite remote
sensing, specifically Sentinel-2, focusses on optically
active constituents (Khan et al. 2021; Sherjah et al.
2023). These approaches involve utilizing simple water
quality indices based on these parameters for classifying
the quality of a water body (Kwong et al. 2022; Tyagi et al.
2013). To manage the computational load associated with
processing a large number of satellite imageries, the cloud
computing capabilities of GEE are employed. Sherjah
et al. (2023) demonstrate the effectiveness of GEE as
a rapid water quality monitoring tool by showcasing
temporal and spatial variations in water quality.

Note that the accuracy of results in LULC monitor-
ing, especially in tracking changes within objects in
biosphere reserves using Sentinel-2 images, is contin-
gent upon the precision of the classification. The out-
come of classifying objects in remote sensing images is
influenced by various factors, including sensor types,
data used for classification and testing, the number of
classes, and, notably, the methods and algorithms
employed in image processing and classification (Tung
et al. 2021; Tuan et al. 2022).

This article focusses on several key issues: (1) track-
ing changes in five LULC objects using a built-in
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machine learning model, (2) determining three water =~ underwater. The Cat Ba Archipelago encompasses seven
quality indicators, and (3) assessing four air quality  distinct tropical ecosystems, with limestone mountain
indicators, all carried out in the GEE environment  forests being the dominant type, covering approximately
using Sentinel-2 images from 2018 to 2022 across four 9800 ha. This ecosystem features tropical evergreen vege-
zones in the Cat Ba Biosphere Reserve area. tation and includes various forest types, including low-

land, steep limestone, high peak, and inland flooded

forests. Additionally, the island hosts invaluable man-
Methodology grove forests, situated in the northwest, representing the
largest natural mangrove expanse in Hai Phong.

In the Cat Ba Biosphere Reserve, thousands of species
On 29 October 2004, UNESCO officially designated the  find sanctuary, many of which are under threat of
Cat Ba archipelago as a World Biosphere Reserve, acknowl-  extinction. As of 2017, the reserve and its vicinity
edging its exceptional ecological and biological signifi-  boasted 4637 terrestrial, freshwater, mangrove, and
cance. Figure 1 is shown the Cat Ba Archipelago which ~ marine species. Remarkably, this diverse roster includes
located at coordinates 20°42’ to 20°54'N, 106°52' to 107°07" 83 endemics, 114 species on the International Union for
E, covering an area of about 300 km 2 with a population of ~ Conservation of Nature (IUCN) Red List, and 14 species
45,000 people (2019). Comprising 367 islands, Cat Ba is  in Vietnam’s own Red Book. A notable resident is the

Study area

situated to the south of Ha Long Bay in Vietnam. white-headed langur (Trachypithecus poliocephalus),
Cat Ba Island stands as a testament to the evolution of ~ one of Vietnam’s five primates and among the world’s
marine and island ecosystems, showcasing a rich diver-  top 25 most endangered species, exclusively inhabiting

sity of animal and plant communities both on land and  this island (LAP 2023).
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Figure 1. lllustration of the study area. Source: Center for Environmental Resources and Climate Change Monitoring, Vietnam National
Remote Sensing Department.
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Data collection

Sentinel-2 remote sensing data in Single Look Complex
(SLC) format at level 1 were utilized for three time
points to monitor LULC in the years 2018, 2020, and
2022 as well as water quality indicators in the year 2022.
Sentinel-2 images used in this study were downloaded
from the Earth Explorer data portal of U.S. Geological
Survey at the website of https://earthexplorer.usgs.gov
of the total 13 channels of Sentinel-2 images collected,
10 image bands (band 2, 3, 4, 5, 6, 7, 8, 8A, 11, and 12)
were selected for inclusion in the classification; bands 1,
9 and 10 were used for atmospheric correction (Tuan
et al. 2022). We also used the average value from analys-
ing field samples during the 12 months of the year 2022
as a correlation to calculate the total suspended solids
(TSS) content in water.

Sentinel-5P TROPOMI radar remote sensing image
data was collected continuously for 12 months in
the year 2022 from the Copernicus Data Space
Ecosystem at https://dataspace.copernicuseu (Wessel,
Brandmeier, and Tiede 2018) to use in the determina-
tion of four air quality indicators in the study area.
Sentinel-5P TROPOMI radar satellite image data have
been processed at the L3 level using the harpconvert-
bin_spatial tool on the GEE platform to remove pixels
with Quality Assurance (QA) values less than 80% for
Aerosol AER_AI, 75% tropospheric density of NO, and
50% for all other data except Oz and SO..

LULC monitoring

LULC classification was automated on the GEE plat-
form using a machine learning model for spatial data
analysis and parameter computation from Sentinel-2
imagery (Anh et al. 2021, 2023; Hien et al. 2022; Iurist
(Dumitrascu), Stitescu, and Lates 2016; Mora et al.
2017; Noi and Kappas 2017; Pirotti et al. 2016; Volke
and Abarca-Del-Rio 2020; Thao and Sengchanh 2022).
The RF algorithm, a machine learning technique, was
applied to all pixels in the Sentinel-2 imagery for the
classification process. In the Cat Ba Biosphere Reserve,
LULC was divided into five main categories — water
surface, cropland, vacant land, residential land, and
forestland - during three different time points (2018,
2020, 2022). This classification process was executed
within the boundaries marked on the 1:100,000 scale
map. The fundamental steps for LULC classification
using GEE included the collection of the study area
data, imagery filtering, training data (sampling), mer-
ging training points, creating a training dataset based on
sampling areas, imagery classification, displaying the
classification result, constructing a confusion matrix to

evaluate classification accuracy and reliability, and com-
puting the area for each object. The classification results
for the three different time points were integrated, over-
laid, and calculated for the five objects using ArcGIS
software, enabling the observation of LULC changes in
two distinct periods.

Evaluating accuracy is a pivotal element of any clas-
sification process, involving the comparison of classified
imagery with another data source deemed ‘accurate’ or
‘ground-truthed’. The primary method for assessing the
accuracy of a classification process typically involves
generating a set of random points from the fundamental
ground truth data and juxtaposing them against the
classified data within an error matrix (Ma and
Redmond 1995).

An evaluation was previously conducted to deter-
mine the reliability of the object classification process.
The method used for this assessment is the Kappa Khat
error matrix method, as described by Bishop et al. in
1975 and Congalton in 1991. This method involved
comparing the classification results against known
reference data to quantify the agreement or disagree-
ment between the classified objects and the actual
ground truth. The first step in the accreditation process
was to identify high-resolution image areas on Google
Earth for the years 2018, 2020, and 2022. Checkpoints
were randomly generated in the ArcGIS software and
then loaded into buffering areas with a size of 2 ha.
These areas were converted into the KML file format
and loaded into Google Earth. Through visual image
analysis, the land cover properties were assigned to
random checkpoints. The number of these checkpoints
was then verified, and they were attributed to topo-
graphic mapping data simultaneously. The checking
process was conducted using the number of sampling
points for each year.

Calculation of water and air quality indicators

In this study, multispectral data from Sentinel-2 were
utilized to evaluate the water quality in specific zones,
influencing the habitat of various species, especially
cropland and forest. The analysis was conducted using
the GEE platform and a machine learning model
(Hasan, Al-Hameedawi, and Ismael 2021; Kwong et al.
2022; Sherjah et al. 2020).

Water quality indicators in the Cat Ba Biosphere
Reserve were classified into three main categories: normal-
ized difference turbidity index (NDTI), normalized differ-
ence chlorophyll index (NDCI), and total suspended solids
(TSS), together representing the total suspended solid con-
tent in water. This classification was performed in the year
2022. In the process, Level-1C Sentinel-2 data containing
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spectral values representing top-of-atmosphere (TOA)
reflectance were used. Atmospheric correction was crucial
to obtain water-leaving reflectance by eliminating atmo-
spheric interference from the total signal received by the
satellite sensor (Soriano-Gonzélez et al. 2019). Out of the 13
spectral bands acquired by Sentinel-2, bands 9 (water
vapour) and 10 (cirrus) were eliminated as they do not
contain water surface information. Additionally, Band 8
Near Infrared Band (NIR) was removed since its wave-
length overlaps with Band 8A, and the latter provides
a more precise spectral measurement. The difference in
spatial resolutions among spectral bands was not a concern
in GEE, as it uses a scale specified by the output to deter-
mine the appropriate level of input image pyramids. It is
important to note that various algorithms have been pro-
posed for retrieving water quality parameters from remote
sensing reflectance (Flores-Anderson et al. 2020; Ritchie,
Zimba, and Everitt 2003; Tian et al. 2014; Wang and Yang
2019; Yoon et al. 2019). To establish a suitable model, band
ratios and arithmetic variables were computed as input
predictors, developed concerning the bio-optical properties
of water (Matthews 2011). Two-band ratios were
employed, as they theoretically reduce the effects of seaso-
nal variations and maximize sensitivity to water quality
parameters against other constituents (Gons 1999). The
basic steps for exacting water indicators using GEE are:
the collection of data for the study area, importing images,
rectifying and filtering images, training data (sampling),
merging training points, creating a training dataset based
on sampling areas, extracting information on NDTI,
NDCI, TSS, and mapping for each water indicator.

The Sentinel-5P mission enables analyses of air quality
indicators such as CO, NO,, O3, and SO, (Chinh, Hang,
and Quynh 2023; Danilo et al. 2023; Frost, Kopacz, and
Kondragunta 2020; Savenets 2021; Voors et al. 2017;
Vries et al. 2016). Also, Veefkind et al. (2012) confirmed
that Seltinel-5P TROPOMI data can be used to determine
the total content in the vertical column of the troposphere
of various chemicals, including CO, NO,, O, and SO,. In
this study, the process of processing Sentinel-5P remote
sensing image data involved the following steps: import-
ing images, rectifying images (calibrating to the VN2000
flat coordinate system, 6° zone, with a 105° axial meri-
dian, and converting formats for ease in subsequent cal-
culations), and extracting information on CO, NO,, O,
SO, concentrations in the year 2022 across the entire area
research area. These analytical operations are conducted
using the GEE platform, which organizes TROPOMI data
into thematic sets corresponding to individual chemical
compounds, as detailed in the GEE datasets catalogue
(Gorelick et al. 2017; Okoduwa and Amaechi, 2020;
https://developers.google.com/earth-engine/datasets/cata
log/sentinel-5P). The Level 2 (L2) data is divided into
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a regular grid for each orbit, without aggregation by
component. Quality thresholds applied in the resulting
datasets are 80% for the aerosol index, 75% for NO,, and
50% for all other substances. This set-up provides exten-
sive possibilities for statistical and spatial analysis for each
pixel in the data cube, eliminating the need for additional
source data preparation (Morozova et al. 2022).

The water quality assessment results derived from
Sentinel-2 remote sensing data in this study were com-
pared and verified against the specified water parameter
limits outlined in the QCVN 08:2023/BTNMT (in which,
QCVN means Vietnam standards means, and BINMT
means Ministry of Natural Resources and Environment
of Vietnam) regulations, of the National Technical
Regulation on Surface Water Quality (MONRE 2023b).

The air quality assessment results obtained from
Sentinel-5P TROPOMI remote sensing data in the
study were compared and verified against the prescribed
air parameter values detailed in the QCVN 05:2023/
BTNMT regulations, corresponding to the National
Technical Regulations on Ambient Air Quality
(MONRE 2023a). To compare with the threshold of
air indicators prescribed according to standard
05:2023/BTNMT (in units of mol/m?), it is necessary
to convert to ug/m’ using the following formula (Chinh,
Hang, and Quynh 2023):

C= Ccolumn MA
H

in which C is the air parameter concentration, con-
verted to pg/m3; Ceolumn is the emission concentration
calculated from Sentinel-5P TROPOMI remote sensing
data, in mol/m? H is the height of the atmosphere, in
metres (H = 10,000 m); M is the mass of gas molecules,
calculated in units of g/mol (Mno, = 46.0055 g/mol;
Mso, = 64.0648 g/mol; Mco = 44.0098 g/mol; Mos
= 47.998 g/mol); and A is the conversion constant
from g/m’ to pg/m> (A = 1,000,000).

The results of water and air quality indicators in the
Cat Ba Biosphere Reserve were used to confirm appro-
priate plant growth as indicated by the results from the
LULC monitoring process.

Results
LULC monitoring

Within the study area, we compiled classes to delineate
five distinct categories of land cover: water surface,
cropland, vacant land, residential land, and forestland
(Figure 2). The latter category, forestland, includes var-
ious forest types such as evergreen broad-leaved forests,
deciduous forests, planted forests, and other forest
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types; cropland includes annual cropland, perennial
cropland, wet rice, and mangroves.

In the GEE platform, the RF algorithm was used to
classify land cover objects. Imagery bands of the study
area and training area data (training data) are imported
through the ‘raster’ package. The package allows the
extraction of pixel values in the training regions for
each band image and stores them in a database. We
used the RF algorithm in the package with bands of
satellite images with parameters by 500 decision trees in
the years of 2018, 2020, and 2022. It was necessary to find
the most suitable number of decision trees and error
variations of the five classification surface objects in this
study. In addition, the number of variables used to divide
at each node in decision trees is four variables during the
classification process. At the same time, based on the
reliability assessment method, it was necessary to identify

high-resolution image areas on Google Earth three times.
Testing was conducted for the entire study area with
a total of 236 sampling points for 2018, 234 sampling
points for 2020, and 261 sampling points for 2022. The
classification results achieved high overall accuracy and
a high kappa coefficient (Table 1). A land cover status
map was developed to show the five indicators based on
the Sentinel-2 image classification results (Figure 2).
Land use and land cover (LULC) category changes
are highlighted in Table 2 for the Cat Ba Biosphere
Reserve. In general, there are evident land-use
changes in the core zone and transition zones from
2018 to 2020 and 2022, while the buffer zone and
economic development zone show little to no change
over that time. The coefficient of variation was used to
look at the relative degree of change over time. The
coefficient of wvariation represents the relative
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Figure 2. lllustration of the land cover status map for Cat Ba Biosphere Reserve, from a Sentinel-2 image (2022).

Table 1. Results of accuracy and reliability assessment for Sentinel-2 image

classification.

N° Content 2018 2020 2022
1 Training overall accuracy 98.82% 95.52% 95.08%
2 Validation kappa 88.51 84.20 83.72
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Table 2. Calculated results for land use and land cover (LULC) status and changes for Cat Ba Biosphere Reserve.

Area Category 2018 (ha) 2020 (ha) 2022 (ha) Coefficient of variation

Core zone Water surface 10,575.19 10,987.02 10,325.69 3%
Cropland 1773.73 1929.44 1763.23 5%
Vacant land 2557.91 3012.02 3021.92 9%
Resident area 1888.31 1869.89 1891.39 1%
Forestland 13,983.25 12,980.02 13,776.17 4%
Total 30,778.39 30,778.39 30,778.39

Buffer zone Water surface 17,857.25 17,505.44 17,147.11 2%
Cropland 3377.82 3373.13 3368.44 0%
Vacant land 5180.16 5260.83 5626.56 4%
Resident area 3277.04 3149.66 3215.27 2%
Forestland 20,260.31 20,663.51 20,595.20 1%
Total 49,952.57 49,952.57 49,952.57

Transition zone Water surface 15,106.64 14,770.56 14,292.60 3%
Cropland 3457.11 3695.79 3988.74 7%
Vacant land 4913.44 4979.11 5506.87 6%
Resident area 3549.88 3615.71 3384.86 3%
Forestland 17,591.37 17,557.27 17,445.37 0%
Total 44,618.43 44,618.43 44,618.43

Economic Water surface 414,485.513 414,643.34 413,040.36 0%

development zone Cropland 146,263.417 145,313.61 145,248.87 0%

Vacant land 152,419.572 153,861.18 154,771.27 1%
Resident area 149,823.682 149,797.47 149,862.68 0%
Forestland 179,506.711 178,883.31 179,575.71 0%
Total 1,042,498.90 1,042,498.90 1,042,498.90

variability of the datasets. It is used to compare the
variability of the datasets and provide a standardized
measure of dispersion relative to the mean. A lower
coefficient of variation indicates a more consistent set
of values relative to their mean, while a higher coeffi-
cient of variation suggests greater variability relative
to the mean.

Statistical analysis (Table 1) indicated that the results
achieved a reliability of 98.51% for the year 2018, 94.20%
for the year 2020, and 93.72% for the year 2022, which
shows that this method obtained a high accuracy in the
LULC classification. The result of evaluating the classi-
fication accuracy shows errors in the classification pro-
cess that were distributed over most layers. However,
the largest error percentages were for the forest and
cropland. The cause of this confusion comes from the
fact that these two objects have large spectral homoge-
neity for their subcategories, which created two of these
categories. The vacant class was also easily confused
with the residential class during classification. The clas-
sification process indicated that the grassland was easily
confused with forestland due to its great spectral homo-
geneity, whereas the residential land and vacant land
belonged to other land types (Yifan et al. 2018). The
changes in the five land cover objects in each zone were
consistent with the classification results in the study by
Hung, Asaeda, and Thao (2021). Therefore, these
changes in the five land cover objects in the Cat Ba
Biosphere Reserve area should continue to be moni-
tored to adjust the suitability for each sub-zone.

All zones are crucial areas that directly impact the
biodiversity and habitat of the biosphere reserve. The

LULC objects in the Cat Ba Biosphere Reserve, such as
cropland and forest, have shown stable development with
no significant changes over the three years from 2018 to
2022.

Calculations of water and air quality indicators

In the Cat Ba Biosphere Reserve area, Sentinel-2 remote
sensing data in SLC format at Level 1 was utilized for
12 months in the year 2022 for monitoring the three
water quality indicators (Table 3).

The average water quality indicator values for 2022 in
the Cat Ba Biosphere Reserve area did not fluctuate sig-
nificantly and were within the allowable limits according
to QCVN 05:2023/BTNMT (Table 3). The average NDTI

Table 3. Values of the three water quality indicators in Cat Ba
Biosphere Reserve over 12 months (in 2022).

Month NDTI NDCI TSS (mg/L)
January -0.023 0.614 46.366
February -0.010 0.080 43.903
March —0.009 0.665 84.188
April —0.002 0.546 74.241
May 0.013 0.386 38.393
June 0.002 —0.264 67.293
July 0.013 0.793 82.457
August —-0.026 0.372 51.083
September 0.002 —0.264 67.293
October -0.017 0.353 46.724
November —-0.025 0.548 36.546
December —0.011 0.204 33.028

Limit threshold for water quality indicators by QCVN 08:2023/BTNMT
(MONRE 2023b)

—1to +1 —1to +1 <100
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for the 12 months of 2022 ranged from —0.026 to 0.013.
The average NDCI for the 12 months of 2022 ranged from
0.264 to 0.793. The average TSS value for the 12 months
of 2022 fluctuated around 33.028 to 84.138 (mg/L). The
red areas on the water maps (Figure 3) show that some
indicators exceed the threshold. Although there were
instances where water and air quality indicators exceeded
permissible limits, the average values for each month
confirmed that indices such as NDTI, NDCI, and TSS
in the study area were within the prescribed thresholds.
Similarly, the four air quality indicators CO, NO,, Os,
and SO, in the study area (Figure 4) were within the
prescribed thresholds. Therefore, after a comparison of
water quality indicators with QCVN 08:2023/BTNMT
and air quality indicators for QCVN 05:2023/BTNMT
(Tables 3 and 4), we concluded that the four air quality
indicators were consistent with the conservation progress
of biosphere reserves in Vietnam in general, correspond-
ing to the results of Chinh, Hang, and Quynh (2023). It
can be suggested that the Cat Ba Biosphere Reserve is
being effectively preserved, showing no signs of signifi-
cant degradation.

Overall, the Cat Ba Biosphere Reserve experiences
seasonal variations in CO and SOz, with higher levels in
the colder months; this is likely due to increased heating
and combustion activities happening in areas outside the
reserve. Os levels were slightly higher in the warmer
months, likely due to photochemical reactions facilitated
by sunlight. Oz levels were the most stable among the four
pollutants, with only slight variations across different
months. NOz levels fluctuated throughout the year with-
out a clear seasonal pattern, suggesting variable sources
and atmospheric conditions affecting its concentration.

These trends can help in understanding the seasonal
behaviour of air pollutants and in developing strategies
for air quality management (Table 4).

Interestingly, we found that the CO levels showed
a decreasing trend from January to August, reaching
their lowest point in July (125.743 pg/m3) (Table 4).
After July, the levels rose again, peaking in March
(218.982 pg/m®) and October (201.245 pg/m’). This
suggests that the highest CO levels occurred in the
colder months (January, February, and March), while
the lowest levels were in the summer months (June, July,
August).

The NO2 levels fluctuated throughout the year with-
out a clear trend (Table 4). The lowest value was in
October (0.257 pg/m’), and the highest value was in
December (0.687 pug/m”). The tropospheric ozone levels
were relatively stable throughout the year, with slight
increases observed in the warmer months, but this
should not have a significant impact on vegetation.
There is a slight increase in Os levels during the summer
months (May to August), which is consistent with
increased sunlight and higher temperatures promoting
ozone formation.

SOz levels showed considerable variation through-
out the year, with the highest levels in January
(2.204 pg/m>®) and November (1.230 pg/m’) and the
lowest in August (0.062 pg/m’) and July (0.100 pg/
m?®) (Table 4).

Discussion

Water surface, cropland, vacant land, residential land,
and forestland have different spectral characteristics in
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the remote sensing images (Yu et al. 2017). In this study,
we focussed on these basic land cover categories and
illustrated the status of and changes to land cover in the
Cat Ba Biosphere Reserve.

In the Cat Ba Biosphere Reserve, comprehensive
monitoring of LULC was conducted using Sentinel-2
imagery and the RF algorithm. The study categorized
five primary land cover types: water surface, cropland,
vacant land, residential land, and forestland. The RF
classification method proved robust, achieving high
overall accuracy and high kappa coefficients across the
years 2018, 2020, and 2022. This methodology provided

detailed insights into LULC changes within different
zones of the biosphere reserve, highlighting significant
transformations in the core and transition zones com-
pared to stable conditions in the buffer and economic
development zones.

Despite challenges such as spectral homogeneity
within forest and cropland categories, the study demon-
strated the consistent monitoring capabilities necessary
for adaptive management and conservation planning.
The results show the importance of ongoing monitoring
to refine sub-zoning suitability and maintain ecological
integrity within the reserve. In previous studies, similar



10 L. M. HUE ET AL.

Table 4. Monthly average values of four air quality indicators in Cat Ba Biosphere Reserve for 2022.

co O3

Date (ug/m?) NO, (ug/m?) (ug/m?) S0, (ug/m?)
January 215.039 0.286 0.558 2.204
February 204.197 0.499 0.553 0.640
March 218.982 0.344 0.559 1.214
April 195.656 0.487 0.576 0.237
May 181.969 0.396 0.612 0.996
June 146.126 0.294 0.622 1.136
July 125.743 0.504 0.620 0.100
August 126.671 0.330 0.621 0.062
September 177.589 0.579 0.602 0.464
October 201.245 0.257 0.587 0.290
November 161.618 0.387 0.543 1.230
December 185.174 0.687 0.517 0.396
Limit threshold for air quality indicators by QCVN 05:2023/BTNMT (MONRE 2023a)

10,000 200 200 350

parameters were (Superczynski and exceedances in environmental indicators, overall trends

Christopher 2011), and in some cases a significant nega-
tive correlation between land cover objects and water
quality deterioration were observed (Ogbozige and Alfa
2019). Others have also shown that there is a significant
link between LULC and air quality (Superczynski and
Christopher 2011). We did not observe the same trends
in our study. In the Cat Ba Biosphere Reserve we did see
fluctuations from year to year in land cover, but over
time the only significant changes were an increase in
vacant land within the core zone and transition zone.

Water quality indicators in the Cat Ba Biosphere
Reserve were assessed using Sentinel-2 remote sensing
data, focussing on NDTI, NDCI, and TSS concentra-
tions throughout 2022. Results showed that these indi-
cators generally remained within permissible limits
according to QCVN 08:2023/BTNMT standards, albeit
with occasional exceedances in isolated instances. This
suggests effective preservation efforts but highlights the
need for continued monitoring to mitigate potential
environmental stressors.

Air quality within the biosphere reserve was moni-
tored using Sentinel-5P data, focussing on CO, NOz, Os,
and SOz concentrations across 2022. Seasonal variations
were observed, with CO and SO2 levels peaking in
colder months, likely influenced by external combustion
activities. Os levels showed slight increases during war-
mer months, indicative of photochemical reactions.
Opverall, air quality indicators consistently met QCVN
05:2023/BTNMT thresholds, affirming effective conser-
vation practices within the reserve.

Conclusion

The integrated approach to LULC and environmental
monitoring in the Cat Ba Biosphere Reserve provides
valuable insights into ecosystem health and conservation
efficacy. Despite observed fluctuations and occasional

indicate stable conditions suitable for biodiversity con-
servation. Future efforts should focus on refining mon-
itoring strategies, particularly in areas prone to LULC
changes and environmental stressors, to sustain the eco-
logical balance and resilience of the biosphere reserve.

This study contributes to the broader understanding
of environmental monitoring practices and underscores
the importance of data-driven conservation manage-
ment in safeguarding biosphere reserves against anthro-
pogenic pressures and climate variability.

Acknowledgements

Many thanks must first go to the ministerial-level key science
and technology programme of the Vietnam Ministry of
Natural Resources and Environment, namely “New and
advanced technology research, development application in
basic investigation of natural resources, natural resources
and environmental monitoring, forecasting and warning in
the period 2021-2025”, code: TNMT.02/21-25 for financing
us. This support is gratefully acknowledged. For materials,
suggestions, and assistance, the authors thank the research
group of the project “Building the management, monitoring
support system and proposing solutions for conservation and
sustainable development of World Biosphere Reserves in
Vietnam using remote sensing technology”, code:
TNMT.2023.02.35. In particular, appreciation is extended to
our colleagues who spent their time helping us in numerous
ways to bring our task to fruition.

Disclosure statement

No potential conflict of interest was reported by the author(s).

Notes on contributors

Le Minh Hue is an expert in remote sensing image processing.

Vu Thi Phuong Thao is a senior lecturer in natural resources
and environmental monitoring.



Nguyen Khanh Vy is an excellent student in English.
Dang Thu Tra is a GIS expert.

Nguyen Ngoc Nam is a technician in big data processing.

References

Anh, T.V,, T.L. Le, N.N. Hung, L.T. Nghi, and T.H. Hanh.
2021. “Monitoring Vegetation Cover Changes by Sentinel-1
Radar Images Using Random Forest Classification
Method.” Journal of the Polish Mineral Engineering Society
1 (2): 441-451. https://doi.org/10.29227/IM-2021-02-41.

Anh, T.V,, D.K. Thanh, H.T. Khien, T.H. Hanh, L.T. Nghi, P.
T.T. Hoa, N. Dung, L.H. Anh, and N.Q. Dinh. 2023. “Land
Subsidence Susceptibility Mapping Using Machine
Learning in the Google Earth Engine Platform.” In
International Conference on Intelligence of Things, 55-64.
Cham: Springer Nature Switzerland. https://doi.org/10.
1007/978-3-031-46749-3_6.

Apte, K.S., and D.S. Patravali. 2015. “Development of Back
Propagation Neutral Network Model for Extracting the
Feature from a Satellite Image Using Curvelet
Transform.” International Journal of Engineering Research
and General Science 3 (1): 226-236.

Bishop, Y., S. Fienberg, and P. Holland. 1975. Discrete
Multivariate Analysis: Theory and Practice. Cambridge,
MA: MIT Press. https://doi.org/10.1177/
014662167700100218.

Bodah, B.W., A. Necke, L. S. Maculan, C. B. Milanes,
C. Korcelski, O. Ramirez, J. F. Mendez-Espinosa,
E. T. Bodah, and M. L.S. Oliveira. 2022. “Sentinel-5p
TROPOMI Satellite Application for No2 and Co Studies
Aiming at Environmental Valuation.” Journal of Cleaner
Production 357:131960. https://doi.org/10.1016/j.jclepro.
2022.131960.

Bosch, O., K. Maani, and C. Smith. 2007. Systems Thinking -
Language of Complexity for Scientists and Managers.
Improving the Triple Bottom Line Returns from Small-
Scale Forestry, Ormoc, the Philippines. Gatton, Qld,
Australia: University of Queensland.

Cazorla, B.P,, J. Cabello, A. Reyes, E. Guirado, J. Pefas, A.
J. Pérez-Luque, and D. Alcaraz-Segura. 2023. “A
Remote-Sensing-Based Dataset to Characterize the
Ecosystem Functioning and Functional Diversity in the
Biosphere Reserve of the Sierra Nevada (Southeastern
Spain).” Earth System Science Data (ESSD) 15 (4):
1871-1887. https://doi.org/10.5194/essd-15-1871-2023.

Chinh, L.T.D.,, H.T. Hang, and B.D. Quynh. 2023.
“Application of Sentinel-5p Tropomi Data on Google
Earth Engine Platform in Monitoring Air Pollution in
Thai Nguyen City, Vietnam.” Journal of Construction
Science and Technology 17 (2V): 78-94.

Congalton, R.G. 1991. “A Review of Assessing the Accuracy of
Classification of Remotely Sensed Data.” Remote Sensing of
Environment 37 (1): 35-46. https://doi.org/10.1016/0034-
4257(91)90048-B.

Danilo, M., H. Alvarez, R. Zalakeviciute, D. Macancela,
C. Sanchez-Alvarracin, and S. Bonilla-Bedoya. 2023.
“Sentinel Satellite Data Monitoring of Air Pollutants with
Interpolation Methods in Guayaquil, Ecuador.” Remote

BIODIVERSITY 11

Sensing Applications: Society and Environment 31:100990.
https://doi.org/10.1016/j.rsase.2023.100990.

Flores-Anderson, A.IL, R. Griffin, M. Dix, C.S. Romero-Oliva,
G. Ochaeta, J. Skinner-Alvarado, M.V.R. Moran,
B. Hernandez, E. Cherrington, B. Page, and F. Barreno.
2020. “Hyperspectral Satellite Remote Sensing of Water
Quality in Lake Atitlan, Guatemala.” Frontiers in
Environmental Science 8 (7). https://doi.org/10.3389/fenvs.
2020.00007.

Frost, G.J., M. Kopacz, and S. Kondragunta. 2020. A Value
Assessment of an Atmospheric Composition Capability on
the NOAA Next-Generation Geostationary and Extended
Orbits (GEO-Xo) Missions. NOAA Technical Report OAR
CPO-8. https://doi.org/10.25923/1s4s-t405.

Gons, H.J. 1999. “Optical Teledetection of Chlorophyll a in
Turbid Inland Waters.” Environmental Science ¢
Technology 33 (7): 1127-1132. https://doi.org/10.1021/
€s9809657.

Gorelick, N., M. Hancher, M. Dixon, S. Ilyushchenko,
D. Thau, and R. Moore. 2017. “Google Earth Engine:
Planetary-Scale Geospatial Analysis for Everyone.” Remote
Sensing of Environment 202:18-27. https://doi.org/10.1088/
1742-6596/1973/1/012192.

Hasan, S.H., AN.M. AL-Hameedawi, and H S Ismael. 2021.
“Using Google Earth Engine Development Environment
for Remote Sensing Image Analysis, Al Shuwija Marsh
Case Study.” In Journal of Physics: Conference Series -
IICESAT Conference, 1973 (012192), 1-9. Iraq: College of
Material Engineering, University of Babylon. https://doi.
0rg/10.1088/1742-6596/1973/1/012192.

Hien, L.T.D., P.H. Luan, H.T. Tuyet, and P.Q. Toan. 2022.
“Land Cover Classification Using Random Forest Model
Combining NDVI Vegetation Index and Topographic
Factors: A Case Study in Thanh Hoa Province, Vietnam.”
Science of the Earth & Environment 6 (1): 507-520.

Hung, L.Q., T. Asaeda, and V.T.P. Thao. 2021. “Carbon
Emissions in the Field of Land Use, Land Use Change,
and Forestry in the Vietnam Mainland.” Wetlands Ecology
and Management 29 (2): 315-329. https://doi.org/10.1007/
s11273-021-09789-6.

Hung, L.Q., D.T. Giang, and N.N. Quang. 2016. “Super
Resolution Method Approach for Vietnam Remote
Sensing Imagery.” International Journal of Remote Sensing
Applications (IJRSA) 6:118-126. https://doi.org/10.14355/
ijrsa.2016.06.012.

Iurist (Dumitrascu), N., F. Stitescu, and I. Lates. 2016.
“Analysis of Land Cover and Land Use Changes Using
SENTINEL-2 Images.” Present Environment and
Sustainable Development 10 (2): 162-172. https://doi.org/
10.1515/pesd-2016-0034.

Kang, Y., H. Choi, J. Im, S. Park, M. Shin, C.K. Song, and
S. Kim. 2021. “Estimation of Surface-Level No2 and O3
Concentrations Using TROPOMI Data and Machine
Learning over East Asia.” Environmental Pollution 288 (1):
117711. https://doi.org/10.1016/j.envpol.2021.117711.

Khan, R.M., B. Salehi, M. Mahdianpari, and
F. Mohammadimanesh. 2021. “Water Quality Monitoring
over Finger Lakes Region Using Sentinel-2 Imagery on
Google Earth Engine Cloud Computing Platform.” ISPRS
Annals of the Photogrammetry, Remote Sensing and Spatial
Information Sciences V-3-XXIV:279-281. https://doi.org/
10.5194/isprs-annals-V-3-2021-279-2021.


https://doi.org/10.29227/IM-2021-02-41
https://doi.org/10.1007/978-3-031-46749-3_6
https://doi.org/10.1007/978-3-031-46749-3_6
https://doi.org/10.1177/014662167700100218
https://doi.org/10.1177/014662167700100218
https://doi.org/10.1016/j.jclepro.2022.131960
https://doi.org/10.1016/j.jclepro.2022.131960
https://doi.org/10.5194/essd-15-1871-2023
https://doi.org/10.1016/0034-4257(91)90048-B
https://doi.org/10.1016/0034-4257(91)90048-B
https://doi.org/10.1016/j.rsase.2023.100990
https://doi.org/10.1016/j.rsase.2023.100990
https://doi.org/10.3389/fenvs.2020.00007
https://doi.org/10.3389/fenvs.2020.00007
https://doi.org/10.25923/1s4s-t405
https://doi.org/10.1021/es9809657
https://doi.org/10.1021/es9809657
https://doi.org/10.1088/1742-6596/1973/1/012192
https://doi.org/10.1088/1742-6596/1973/1/012192
https://doi.org/10.1088/1742-6596/1973/1/012192
https://doi.org/10.1088/1742-6596/1973/1/012192
https://doi.org/10.1007/s11273-021-09789-6
https://doi.org/10.1007/s11273-021-09789-6
https://doi.org/10.14355/ijrsa.2016.06.012
https://doi.org/10.14355/ijrsa.2016.06.012
https://doi.org/10.1515/pesd-2016-0034
https://doi.org/10.1515/pesd-2016-0034
https://doi.org/10.1016/j.envpol.2021.117711
https://doi.org/10.5194/isprs-annals-V-3-2021-279-2021
https://doi.org/10.5194/isprs-annals-V-3-2021-279-2021

12 (&) L M HUEETAL

Kwong, I.H.Y., K. Frankie, K. Wong, and T. Fung. 2022.
“Automatic Mapping and Monitoring of Marine Water
Quality Parameters in Hong Kong Using Sentinel-2 Image
Time-Series and Google Earth Engine Cloud Computing.”
Frontiers in Marine Science 9 (871470): 1-18. https://doi.
org/10.3389/fmars.2022.871470.

Lima Action Plan on World Biosphere Reserves (LAP) 2016-
2025. 2023. “Home Page of the Cat Ba Biosphere Reserve.”
https://catba.net.vn/.

Lu, D., and Q. Weng. 2007. “A Survey of Image Classification
Methods and Techniques for Improving Classification
Performance.” International Journal of Remote Sensing
28 (5): 823-870. https://doi.org/10.1080/01431160600746456.

Ma, Z., and R.L. Redmond. 1995. “Tau Coefficients for
Accuracy Assessment of Classification of Remote Sensing
Data.” Photogrammetric Engineering ¢ Remote Sensing
61 (4): 435-439.

Machlis, G. E., and R. G. Wright. 1984. “Potential Indicators
for Monitoring Biosphere Reserves.” Studies in
Environmental Science 25:49-63. https://doi.org/10.1016/
S0166-1116(08)72099-5.

Matthews, M.W. 2011. “A Current Review of Empirical
Procedures of Remote Sensing in Inland and
Near-Coastal Transitional Waters.” International Journal
of Remote Sensing 32 (21): 6855-6899. https://doi.org/10.
1080/01431161.2010.51294.

MONRE-05. 2023a. National Technical Regulation on Air
Quality N° QCVN 05:2023/BTNMT. Ministry of natural
Resources and Environment of Vietnam.

MONRE-08. 2023b. National Technical Regulation on Surface
Water Quality N° QCVN 08:2023/BTNMT. Ministry of
natural Resources and Environment of Vietnam.

Mora, A., T. M. Santos, S. Lukasik, J. M. Silva, A. J. Falcao,
J. M. Fonseca, and R.A. Ribeiro. 2017. “Land Cover
Classification ~ from  Multispectral ~Data  Using
Computational Intelligence Tools: A Comparative Study.”
Information 8 (4): 147-158. https://doi.org/10.3390/
info8040147.

Morozova, A.E., O.S. Sizov, P.O. Elagin, N.A. Agzamov, A.
V. Fedash, and N.E. Lobzhanidze. 2022. “Integral
Assessment of Atmospheric Air Quality in the Largest
Cities of Russia Based on TROPOMI (Sentinel-5p) Data
for 2019-2020.” Cosmic Research 60 (S1): S57-S68. https://
doi.org/10.1134/S0010952522700071.

Nam, N.C., O.J.H. Bosch, and K.E. Maani. 2009. “The
Importance of Systems Thinking and Practice for
Creating Biosphere Reserves as “Learning Laboratories for
Sustainable Development”.” Proceedings of the 53rd Annual
Meeting of the ISSS - 2009, Brisbane, Australia 1 (1): 1-17.
https://journals.isss.org/index.php/proceedings53rd/arti
cle/view/1161.

Nasiri, V., A. Deljouei, F. Moradi, S.M.M. Sadeghi, and S.
A. Borz. 2022. “Land Use and Land Cover Mapping Using
Sentinel-2, Landsat-8 Satellite Images, and Google Earth
Engine: A Comparison of Two Composition Methods.”
Remote Sensing 14 (9): 1977. https://doi.org/10.3390/
rs14091977.

Noi, P.T., and M. Kappas. 2017. “Comparison of Random
Forest, K-Nearest Neighbor, and Support Vector Machine
Classifiers for Land Cover Classification Using Sentinel-2
Imagery.” Sensors 18 (1): 1-18. https://doi.org/10.3390/
s18010018.

Ogbozige, F.J., and M.I. Alfa. 2019. “Land Use-Land Cover
Effects on Surface Flowing Water Quality: A Statistical
Approach.” Nigerian Journal of Technological Development
16 (1): 25. https://doi.org/10.4314/njtd.v16il.4.

Okoduwa, A., and C.F. Amaechi. 2020. “Amaechi. Monitoring
and Mapping of Atmospheric Concentration of Carbon
Monoxide (Co).” Journal of Applied Sciences and
Environmental Management 27 (12): 2715-2722. https://
doi.org/10.4314/jasem.v27i12.7.

Phiri, D., M. Simwanda, S. Salekin, V. R. Nyirenda,
Y. Murayama, and M. Ranagalage. 2020. “Sentinel-2 Data
for Land Cover/Use Mapping: A Review.” Remote Sensing
12 (14): 2291. https://doi.org/10.3390/rs12142291.

Pirotti, F., F. Sunar, and M. Piragnolo. 2016. “Benchmark of
Machine Learning Methods for Classification of a Sentinel-
2 Image.” International Archives of the Photogrammetry,
Remote Sensing and Spatial Information Sciences XLI-B7:
335-340. https://doi.org/10.5194/isprs-archives-XLI-B7-
335-2016.

Prunet, P., O. Lezeaux, C. Camy-Peyret, and H. Thevenon.
2020. “Analysis of the No2 Tropospheric Product from S5p
TROPOMI for Monitoring Pollution at City Scale.” City
and Environment Interactions 8 (6050): 100051. https://doi.
org/10.1016/j.cacint.2020.100051.

Ritchie, J.C., P.V. Zimba, and J.H. Everitt. 2003. “Remote
Sensing Techniques to Assess Water Quality.”
Photogrammetric Engineering & Remote Sensing 69 (6):
695-704. https://doi.org/10.14358/PERS.69.6.695.

Savenets, M. 2021. “Air Pollution in Ukraine: A View from the
Sentinel-5p Satellite.” Quarterly Journal of the Hungarian
Meteorological Service 125 (2): 271-290. https://doi.org/10.
28974/idojaras.2021.2.6.

Saw, G.K,, S. Dey, H. Kaushal, and K. Lal. 2021. “Tracking
No2 Emission from Thermal Power Plants in North India
Using TROPOMI Data.” Atmospheric Environment
259:118514. https://doi.org/10.1016/j.atmosenv.2021.
118514.

Sherjah, P. Y., N. Sajikumar, and P. T. Nowshaja. 2023.
“Quality Monitoring of Inland Water Bodies Using
Google Earth Engine.” Journal of Hydroinformatics 25 (2):
432-450. https://doi.org/10.2166/hydro.2023.137.

Soriano-Gonzalez, J., E. Angelats, M. Fernandez-Tejedor,
J. Diogene, and C. Alcaraz. 2019. “First Results of
Phytoplankton Spatial Dynamics in Two
Nw-Mediterranean Bays from Chlorophyll-A Estimates
Using Sentinel 2: Potential Implications for Aquaculture.”
Remote Sensing 11 (15): 1756. https://doi.org/10.3390/
rs11151756.

Superczynski, S.D., and S.A. Christopher. 2011. “Christopher.
Exploring Land Use and Land Cover Effects on Air Quality
in Central Alabama Using GIS and Remote Sensing.”
Remote Sensing 3 (12): 2552-2567. https://doi.org/10.
3390/rs3122552.

Thao, V. T. P., D. T. Giang, and L. V. Anh. 2024. “Reliability
Assessment of Land Subsidence Monitoring Results Using
PSI Technique in Ho Chi Minh City, Vietnam.”
International Journal of Environmental Studies 81 (2):
881-895. https://doi.org/10.1080/00207233.2024.2324623.

Thao, V.T.P,, and S. Sengchanh. 2022. “Building Ability of
Land Cover Map from Sentinel-2 Remote Sensing Data
Using the Random Forest Classification Method on the
Cloud Computing Platform. 2022.” Vietnam Journal of


https://doi.org/10.3389/fmars.2022.871470
https://doi.org/10.3389/fmars.2022.871470
https://catba.net.vn/
https://doi.org/10.1080/01431160600746456
https://doi.org/10.1016/S0166-1116(08)72099-5
https://doi.org/10.1016/S0166-1116(08)72099-5
https://doi.org/10.1080/01431161.2010.51294
https://doi.org/10.1080/01431161.2010.51294
https://doi.org/10.3390/info8040147
https://doi.org/10.3390/info8040147
https://doi.org/10.1134/S0010952522700071
https://doi.org/10.1134/S0010952522700071
https://journals.isss.org/index.php/proceedings53rd/article/view/1161
https://journals.isss.org/index.php/proceedings53rd/article/view/1161
https://doi.org/10.3390/rs14091977
https://doi.org/10.3390/rs14091977
https://doi.org/10.3390/s18010018
https://doi.org/10.3390/s18010018
https://doi.org/10.4314/njtd.v16i1.4
https://doi.org/10.4314/jasem.v27i12.7
https://doi.org/10.4314/jasem.v27i12.7
https://doi.org/10.3390/rs12142291
https://doi.org/10.5194/isprs-archives-XLI-B7-335-2016
https://doi.org/10.5194/isprs-archives-XLI-B7-335-2016
https://doi.org/10.1016/j.cacint.2020.100051
https://doi.org/10.1016/j.cacint.2020.100051
https://doi.org/10.14358/PERS.69.6.695
https://doi.org/10.28974/idojaras.2021.2.6
https://doi.org/10.28974/idojaras.2021.2.6
https://doi.org/10.1016/j.atmosenv.2021.118514
https://doi.org/10.1016/j.atmosenv.2021.118514
https://doi.org/10.2166/hydro.2023.137
https://doi.org/10.3390/rs11151756
https://doi.org/10.3390/rs11151756
https://doi.org/10.3390/rs3122552
https://doi.org/10.3390/rs3122552
https://doi.org/10.1080/00207233.2024.2324623

Surveying and Mapping Sciences 52:26-35. https://doi.org/
10.54491/jgac.2022.52.594.

Tian, L., O.W.H. Wai, X. Chen, Y. Liu, L. Feng, J. Li, and
J. Huang. 2014. “Assessment of Total Suspended Sediment
Distribution under Varying Tidal Conditions in Deep Bay:
Initial Results from Hj-1a/1b Satellite CCD Images.”
Remote Sensing 6 (10): 9911-9929. https://doi.org/10.
3390/rs6109911.

Tuan, N.T.,, P.V. Tuan, N.V. Quy, and H.T.P. Nhung. 2022.
“Using Sentinel 2 Satellite Images and Machine Learning
Algorithm to Establish the Current Status Map of Forests in
Bu Dang District, Binh Phuoc Province.” Can Tho
University Science Magazine, Vietnam 58 (6B): 150-163.
https://doi.org/10.22144/ctu.jvn.2022.254.

Tung, D. T., N. T. Tung, H. T. Thuy, T. T. T. Nhan, D. T.
Hang, V. N. Hai, and N. D. Duong. 2021. “Online Data
Mining of Satellite Images, Comparison of Machine
Learning Algorithms on Land Cover Classification Based
on Google Earth Engine.” In Proceedings of the National
Scientific Conference on Solutions to Connect and Share
Database Systems for Training and Management in the
Field of Natural Resources and Environment, Hanoi, Viet
Nam, December 1-11.

Tyagi, S., B. Sharma, P Singh, and R. Dobhal. 2013. “Water
Quality Assessment in Terms of Water Quality Index.”
American Journal of Water Resources 1 (3): 34-38. https://
doi.org/10.12691/ajwr-1-3-3.

UNESCO. 2023. “World Network of Biosphere Reserves.”
Accessed March 19, 2023. https://en.unesco.org/bio
sphere/wnbr.

Veefkind, J.P., I. Aben, K. McMullan, H. Forster, J. de Vries,
G. Otter, J. Claas, H.J. Eskes, J.F. de Haan, Q. Kleipool, et al.
2012. “TROPOMI on the ESA Sentinel-5 Precursor:
A GMES Mission for Global Observations of the
Atmospheric Composition for Climate, Air Quality and
Ozone Layer Applications.” Remote Sensing of Environment
120:70-83. https://doi.org/10.1016/j.rse.2011.09.027.

Volke, M.I, and R. Abarca-Del-Rio. 2020. “Comparison of
Machine Learning Classification Algorithms for Land
Cover Change in a Coastal Area Affected by the 2010
Earthquake and Tsunami in Chile.” Natural Hazards and
Earth System Sciences Discussions 1-14. https://doi.org/10.
5194/nhess-2020-41.

BIODIVERSITY 13

Voors, R, 1.S. Bhatti, T. Wood, 1. Aben, P. Veefkind, J. de
Vries, D. Lobb, and N. van der Valk. 2017. “TROPOM]I, the
Sentinel 5 Precursor Instrument for Air Quality and
Climate Observations: Status of the Current Design.” In
Conference: International Conference on Space Optics 2012
(105641Q). https://doi.org/10.1117/12.2309017.

Vries, J. de, R. Voors, B. Ording, J. Dingjan, P. Veefkind,
A. Ludewig, Q. Kleipool, R-W.M. Hoogeveen, and
I. Aben. 2016. “TROPOMI on ESA’s Sentinel 5p Ready
for Launch and Use.” Proceedings of Fourth International
Conference on Remote Sensing and Geoinformation of the
Environment, Paphos, Cyprus 9688 (96880B): 12. https://
doi.org/10.1117/12.2240839.

Wang, X., and W. Yang. 2019. “Water Quality Monitoring
and Evaluation Using Remote Sensing Techniques in
China: A Systematic Review.” Ecosystem Health and
Sustainability 5 (1): 47-56. https://doi.org/10.1080/
20964129.2019.1571443.

Wessel, M., M. Brandmeier, and D. Tiede. 2018. “Evaluation
of Different Machine Learning Algorithms for Scalable
Classification of Tree Types and Tree Species Based on
Sentinel-2 Data.” Remote Sensing 10 (1419): 1-21. https://
doi.org/10.3390/rs10091419.

Yifan, C., L. Long, C. Longgian, Z. Yu, C. Liang, Z. Xisheng,
and Y. Xiaoyan. 2018. “Settings Open Accessarticle Land-
Use Carbon Emissions Estimation for the Yangtze River
Delta Urban Agglomeration Using 1994-2016 Landsat
Image Data.” Remote Sensing 10 (9): 1334. https://doi.org/
10.3390/1s10091334.

Yoon, J.E., J.H. Lim, S. Son, S.H. Youn, H.J Oh, J. D. Hwang, J.
I. Kwon, S.S. Kim, and LN. Kim. 2019. “Assessment of
Satellite-Based Chlorophyll-A Algorithms in Eutrophic
Korean Coastal Waters: Jinhae Bay Case Study.” Frontiers
in Marine Science 6:359. https://doi.org/10.3389/fmars.
2019.00359.

Yu, W,, Z. Xicun, L. Cheng, G. Xiaoyan, Y. Xinyang,
C. Chunyan, and S. Houxing. 2017. “Applications of
Hyperspectral Remote Sensing in Ground Object
Identification and Classification.” Advances in Remote
Sensing 6 (3): 201-211. https://doi.org/10.4236/ars.2017.
63015.


https://doi.org/10.54491/jgac.2022.52.594
https://doi.org/10.54491/jgac.2022.52.594
https://doi.org/10.3390/rs6109911
https://doi.org/10.3390/rs6109911
https://doi.org/10.22144/ctu.jvn.2022.254
https://doi.org/10.22144/ctu.jvn.2022.254
https://doi.org/10.12691/ajwr-1-3-3
https://doi.org/10.12691/ajwr-1-3-3
https://en.unesco.org/biosphere/wnbr
https://en.unesco.org/biosphere/wnbr
https://doi.org/10.1016/j.rse.2011.09.027
https://doi.org/10.5194/nhess-2020-41
https://doi.org/10.5194/nhess-2020-41
https://doi.org/10.1117/12.2309017
https://doi.org/10.1117/12.2240839
https://doi.org/10.1117/12.2240839
https://doi.org/10.1080/20964129.2019.1571443
https://doi.org/10.1080/20964129.2019.1571443
https://doi.org/10.3390/rs10091419
https://doi.org/10.3390/rs10091419
https://doi.org/10.3390/rs10091334
https://doi.org/10.3390/rs10091334
https://doi.org/10.3389/fmars.2019.00359
https://doi.org/10.3389/fmars.2019.00359
https://doi.org/10.4236/ars.2017.63015
https://doi.org/10.4236/ars.2017.63015

	Abstract
	Introduction
	Methodology
	Study area
	Data collection
	LULC monitoring
	Calculation of water and air quality indicators

	Results
	LULC monitoring
	Calculations of water and air quality indicators

	Discussion
	Conclusion
	Acknowledgements
	Disclosure statement
	Notes on contributors
	References

