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Spatiotemporal dynamics of surface water and 
eco-environmental responses in Thac Ba Reservoir, 
Vietnam: a remote sensing and machine-learning 
approach

Introduction

Reservoirs are important components of inland-water 
systems and dynamic physical-geographical units. By 
impounding river valleys, they alter local hydrological 
regimes, reshape shoreline morphology and create 
new interfaces between permanent water, periodically 
exposed land and adjacent terrestrial environments. 
Th ese eff ects are particularly pronounced in mon-
soonal regions, where strong seasonal contrasts in 
rainfall and runoff  produce repeated expansion and 

contraction of reservoir extent. As a result, reser-
voir change is expressed not only by variations in 
open-water area, but also by shift s in drawdown zones 
(the area of reservoir bed exposed when water levels 
fall), shoreline stability, sediment redistribution and 
the structure of littoral vegetation. Reservoirs should 
therefore be examined as integrated water-–land sys-
tems in which hydrological regulation and landscape 
reorganization operate together (Vörösmarty et al. 
2010; Ptak 2018; Ulibarri and Taeihagh 2018; Busker 
et al. 2019; Hou et al. 2022).
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Abstract. This study examines surface-water dynamics and shoreline environmental responses in 
Thac  Ba  Reservoir,  Vietnam,  using  a multi-source  data  integration  and  Random  Forest  classifi cation 
framework. Landsat imagery, Sentinel-1 SAR (Synthetic Aperture Radar), Sentinel-2, terrain variables 
and hydrometeorological observations were used to analyse the benchmark years 2015, 2020 and 
2025  under  low-water  and  high-water  conditions.  The  classifi cation  produced  stable  results,  with 
overall accuracy ranging from 0.850 to 0.920 and Kappa coeffi cient values from 0.77 to 0.88. Under 
low-water conditions, water bodies expanded from 13,830.3 ha in 2015 to 16,916.9 ha in 2025, while 
terrestrial ecosystems decreased slightly. Semi-inundated ecosystems changed non-linearly, increasing 
between 2015 and 2020 and decreasing thereafter. Vegetation-related classes showed patterns that 
differed between hydrological states: under low-water conditions, vegetation structure varied within 
the exposed drawdown belt, whereas, under high-water conditions, sparse and moderate vegetation 
decreased and dense vegetation increased in more stable shoreline sectors. The results indicate that 
reservoir change in Thac Ba was expressed not only by variation in open-water extent, but also by 
adjustment of the drawdown belt and adjacent shoreline environments. The study demonstrates the 
value of integrating optical imagery, SAR backscatter and terrain information for mapping water-
related and transitional classes in morphologically complex monsoonal reservoirs.
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Satellite remote sensing provides an effective 
basis for analysing such systems. The long Landsat 
archive, in particular, enables the reconstruction of 
interannual and seasonal changes in surface water 
across lakes and reservoirs. Previous studies have 
shown that medium-resolution imagery is well suited 
to detecting long-term water dynamics in both natural 
and regulated inland-water environments (Donchyts 
et al. 2016; Pekel et al. 2016; Wang et al. 2018; Wang 
et al. 2019; Sogno et al. 2022). Remote sensing has 
also been widely applied to lake and reservoir studies 
concerned with water quality, surface temperature 
and other environmental properties, confirming its 
value for inland-water research beyond simple water 
delineation (Dörnhöfer and Oppelt 2016; Coluzzi 
et al. 2019; Tran et al. 2021; Albarqouni et al. 2022). 
For reservoirs, this broader perspective is important 
because water extent is influenced not only by climate 
variability, but also by storage regulation, operational 
decisions and shoreline topography.

A persistent methodological challenge lies in 
the interpretation of transitional shoreline zones. 
Threshold-based approaches, including fixed thresh-
olds applied to NDWI and MNDWI, Otsu automatic 
thresholding and AWEI-based water extraction 
(Automated Water Extraction Index), have been 
widely used for delineating open-water surfaces be-
cause they are relatively simple and efficient (Otsu 
1979; McFeeters 1996; Xu 2006; Ji et al. 2009; Feyisa 
et al. 2014). These methods are effective where the 
spectral contrast between water and non-water sur-
faces is clear. Their reliability may decrease, however, 
in heterogeneous littoral settings where shallow wa-
ter, wet sediment, sparse vegetation, semi-inundated 
surfaces and stable terrestrial cover occur in close 
proximity or within mixed pixels. In such conditions, 
the most responsive parts of the reservoir margin 
are often also the most difficult to classify. Spectral 
indices such as NDVI, NDWI, MNDWI, LSWI and 
AWEI remain useful for identifying vegetation, open 
water and moisture-related surface conditions, but 
they do not always fully represent the continuous 
transition from permanent water to exposed draw-
down surfaces and vegetated shoreline zones when 
used as stand-alone threshold variables (Rouse et al. 
1973; Tucker 1979; Myneni et al. 1995; McFeeters 
1996; Gao 1996; Xu 2006; Ji et al. 2009; Chandrasekar 
et al. 2010; Dong et al. 2014; Feyisa et al. 2014). 
This limitation is particularly relevant for reservoir 
margins, where hydrological fluctuation, shoreline 

gradient and vegetation cover jointly influence the 
spectral and radar response of the surface.

Multi-source data integration can help address 
this problem by combining optical imagery, radar 
observations, terrain information and supervised 
classification within a common analytical frame-
work. Instead of relying on a single spectral thresh-
old, such an approach allows transitional classes 
to be interpreted from a broader set of predictors. 
Among supervised classification methods, Random 
Forest (an ensemble machine-learning method based 
on many decision trees) has been widely used for 
heterogeneous ecosystems and land-cover mosaics 
because it can handle non-linear class boundaries, 
correlated predictors and mixed spectral responses 
(Breiman 2001; Pal 2005; Belgiu and Drăguţ 2016). 
It has been applied successfully in surface-water 
extraction, wetland and shoreline mapping and 
other heterogeneous land-cover contexts, includ-
ing grassland management classification using 
combined Sentinel-1 and Sentinel-2 data (Acharya 
et al. 2019; Li et al. 2019; Bartold et al. 2024). For 
reservoir-margin analysis, this is relevant because 
open water, moist soil, semi-inundated vegetation 
and stable terrestrial cover may show overlapping 
optical responses, whereas radar backscatter and ter-
rain position can provide additional information on 
moisture conditions and shoreline setting. Random 
Forest therefore provides a suitable classification 
framework for integrating optical, radar and ter-
rain variables in the analysis of complex shoreline 
environments.

These methodological advances have been 
strengthened by cloud-based geospatial platforms. 
Google Earth Engine now allows large satellite ar-
chives to be processed efficiently with consistent rou-
tines for image compositing, index calculation and 
classification, making multi-temporal analysis more 
feasible for hydrological and environmental appli-
cations (Gorelick et al. 2017; Tamiminia et al. 2020; 
Ghosh et al. 2022; Yang et al. 2022; Vijayakumar 
et al. 2024). In Vietnam, remote sensing and geo-
spatial methods have been applied increasingly to 
drought assessment, flash-flood analysis, precipita-
tion evaluation, vegetation monitoring and other 
environmental problems in tropical and monsoonal 
settings (Trinh and Vu 2019; Kieu 2021; Kieu and 
Tran 2021; Nguyen and Nguyen 2025; Trinh et al. 
2025; Tran et al. 2026). Reservoir studies in Vietnam 
have likewise demonstrated the usefulness of satel-
lite data for analysing chlorophyll-a, water quality, 
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storage variation and shoreline effects associated 
with water-level fluctuation (Pham QV et al. 2019; 
Phan et al. 2020; Pham et al. 2022; Pham-Duc et 
al. 2022; Tran et al. 2021). Even so, most previous 
studies have addressed individual reservoir attrib-
utes separately rather than examining the coupled 
behaviour of water extent and shoreline transition 
zones within a single analytical framework.

This gap is evident in Thac Ba Reservoir in 
northern Vietnam. Thac Ba is a morphologically 
complex multi-island reservoir with a highly in-
dented shoreline, numerous narrow inlets, shallow 
marginal sectors and a broad seasonal fluctuation 
belt. These characteristics create a  fragmented 
littoral landscape in which permanent water, ex-
posed drawdown surfaces, semi-inundated areas 
and terrestrial cover are closely interwoven. Such 
spatial complexity makes the reservoir a suitable 
case for physical-geographical analysis, but it also 
increases classification difficulty. Existing studies 
related to Thac Ba have mainly focused on select-
ed reservoir properties, such as chlorophyll-a and 
storage variation, while broader regional work has 
pointed to the need for improved monitoring of 
surface-water conditions and management in the 
surrounding area (Pham et al. 2019; Takami 2022; 
Kieu et al. 2023). A spatially integrated assessment 
of how surface-water dynamics, semi-inundated 
zones and vegetation-related shoreline responses 
interact within the same reservoir-margin system 
is still lacking.

In this study, the term “eco-environmental re-
sponses” is used in a specific and operational sense. 
It refers to shoreline environmental responses ex-
pressed through changes in semi-inundated zones, 
vegetation condition and transitions among perma-
nent water, seasonally exposed surfaces and stable 
terrestrial cover. This usage is appropriate for a re-
mote-sensing investigation because such responses 
can be identified from combinations of spectral, 
radar and terrain variables, even where detailed field 
ecological measurements are limited. In a reservoir 
setting, these responses are part of the geographical 
expression of repeated water-level fluctuation within 
the littoral zone. The term is therefore used here to 
describe remotely sensed and spatially explicit shore-
line responses, rather than species-level ecological 
processes or floristic community change.

Against this background, the present study inves-
tigates the spatiotemporal dynamics of surface water 
and shoreline environmental responses in Thac Ba 

Reservoir using a multi-source data integration and 
machine-learning approach. The analysis is based 
primarily on Landsat imagery for the benchmark 
years 2015, 2020 and 2025, supported by Sentinel-1 
SAR (Synthetic Aperture Radar), Sentinel-2 imagery, 
terrain variables and hydrometeorological informa-
tion. The study has three objectives: (1) to quantify 
changes in the principal landscape units of Thac Ba 
Reservoir under contrasting low-water and high-wa-
ter conditions; (2) to examine the spatial pattern of 
semi-inundated and vegetation-related classes as in-
dicators of shoreline environmental response; and (3) 
to evaluate the usefulness of a Random Forest-based 
classification framework for mapping water-relat-
ed and transitional classes in a morphologically 
complex reservoir. By addressing these objectives, 
the study contributes to the physical-geographical 
interpretation of regulated reservoir landscapes in 
monsoonal environments and provides a stronger 
basis for spatial monitoring of shoreline change in 
Thac Ba Reservoir.

Location, data and methodology

Study area

Thac Ba Reservoir is located in northern Vietnam, 
within the Chay River basin. The reservoir was 
formed after the impoundment of the Chay River 
for the Thac Ba hydropower scheme, which was 
completed in 1971 and has been in operation since 
1972. Besides hydropower generation, the reservoir 
contributes to seasonal flow regulation, dry-season 
water storage and downstream flood moderation. It 
therefore represents an important engineered water 
body and a dynamic physical-geographical unit in 
the middle reaches of the Chay River system (Takami 
2022; Kieu et al. 2023). The location of the study area 
is shown in Figure 1.

Thac Ba Reservoir has a complex planform and 
shoreline configuration. The water surface is com-
monly reported at ~23,400 ha, and the reservoir 
contains more than 1,300 islands and hill-islands 
distributed across a  highly indented system of 
embayments, narrow inlets and branching flooded 
valleys. Its longitudinal extent exceeds 60 km. The 
surrounding terrain is dominated by low hills and 
dissected slopes typical of the northern Vietnamese 
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Fig. 1. Location of the study area

midland belt. Around the central lake sector, eleva-
tions commonly range between 100 and 200 m, while 
higher terrain occurs toward the surrounding moun-
tain margins. This combination of flooded valleys, 
insular hilltops, gently sloping reservoir edges and 
irregular shorelines produces a fragmented littoral 
zone in which permanent water, seasonally exposed 
surfaces, semi-inundated vegetation and stable ter-
restrial cover occur in close spatial proximity.

The hydrological regime of Thac Ba Reservoir is 
strongly seasonal. During the dry season, water levels 
decline markedly, commonly falling to ~46–52 m 
a.s.l. and marginal surfaces are exposed at the foot 
of islands and along gently sloping shores. During 
the wet season and subsequent storage period, water 
levels rise substantially and may reach ~57–58 m 
a.s.l., inundating low-lying shoreline sectors and re-
activating semi-inundated belts around the reservoir 
margin. This seasonal displacement of the water line 
is directly relevant to the present study because it 
produces a wide drawdown zone, strong contrasts in 
surface moisture and repeated transitions between 
aquatic, semi-inundated and terrestrial conditions.

Climatically, the reservoir lies within the mon-
soonal regime of northern Vietnam. The Chay River 

basin has a rainy season from May to October and 
a dry season from November to April. Mean annual 
rainfall generally ranges approximately from 1,500 
to 2,000 mm, with a multi-year average of ~1,800 
mm, while mean annual air temperature is ~22–23 
°C. Rainfall is concentrated in the wet season, and 
the largest rainfall events commonly occur in July 
and August. This seasonal structure provides the 
climatic basis for the intra-annual fluctuation of 
reservoir extent and supports the selection of late 
dry-season and peak wet-season satellite images in 
the present analysis.

From a physical-geographical perspective, Thac 
Ba Reservoir can be considered a water–land system 
in which hydrological regulation repeatedly alters 
the spatial relationship among permanent water, 
drawdown surfaces, semi-inundated zones and more 
stable terrestrial areas. Previous studies have shown 
that satellite data are suitable for monitoring selected 
reservoir-related variables in Thac Ba, including 
chlorophyll-a, suspended sediment concentration 
and storage-related variation (Pham et al. 2019; 
Takami 2022). However, the multi-island morphol-
ogy of the reservoir and the pronounced seasonal 
displacement of the littoral zone make it suitable for 
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an integrated assessment of surface-water dynamics 
and shoreline environmental responses. Th e main 
shoreline and geomorphological features of Th ac Ba 
Reservoir are presented in Figure 2.

Data sources

Th is study used multi-source satellite imagery, ter-
rain data and hydrometeorological observations 
to analyse surface-water dynamics and shoreline 
environmental responses in Th ac Ba Reservoir. 
Landsat Collection 2 Level-2 imagery was used as 
the principal optical dataset because it provides 
atmospherically corrected surface refl ectance and 
a consistent medium-resolution archive for interan-
nual comparison. Landsat 8 images were used for the 
benchmark years 2015 and 2020, while Landsat 8/9 
images were used for 2025. Sentinel-2 MSI Level-
2A imagery was used (Multi Spectral Instrument) 
as a complementary optical source to support the 
interpretation of shoreline geometry and transitional 

Fig. 2. Field photographs of geomorphological and shoreline features of Thac Ba Reservoir: (A) Irregular shoreline 
and reservoir edge; (B) Exposed drawdown surface; (C) Semi-inundated vegetation; (D) Island/hill-island 
morphology

reservoir-margin features. Because Sentinel-2 data 
became available only aft er mid-2015, they were used 
mainly as supplementary information for 2015 and 
more fully for 2020 and 2025.

Sentinel-1 GRD (Ground Range Detected) 
C-band SAR imagery was included to provide radar 
information on water surfaces, moist drawdown 
areas and semi-inundated shoreline zones. Th e 
analysis used VV and VH backscatter layers (the 
strength of the radar signal refl ected back to the 
sensor). Terrain conditions were represented by 
the Copernicus DEM GLO-30 (a digital elevation 
model), from which elevation and slope variables 
were derived. Hydrometeorological observations, 
including reservoir water level, rainfall and air tem-
perature, were used to describe the hydrological 
background of the selected image periods. Reference 
and validation data were compiled from high-reso-
lution Google Earth imagery and fi eld observations. 
Th e main datasets used in the study are summarized 
in Table 1.

Monthly rainfall records for the benchmark years 
were aggregated by hydrological season and by the 
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two image-selection windows used in this study. The 
dry season was defined as November–April and the 
wet season as May–October. The late dry-season 
image window corresponded to March–May, which 
includes the transition from late dry-season to early 
wet-season conditions, while the peak wet-season 
image window corresponded to August–October. 
These rainfall data were used to characterize the 
hydro-climatic setting of the benchmark years and 
were not included as pixel-level predictors in the 
Random Forest classification. Seasonal rainfall char-
acteristics are presented in Table 2.

Data source Product / type Spatial 
resolution

Study 
period Variables used

Landsat 8/9 Collection 2 Level-2 30 m
2015, 
2020, 
2025

Surface reflectance, land-surface 
temperature, spectral indices

Sentinel-2 MSI Level-2A
10-20 m, 

resampled to 
30 m

2015*, 
2020, 
2025

B2, B3, B4, B8, B11, B12; water 
and vegetation indices

Sentinel-1 SAR GRD, C-band
10 m, 

resampled to 
30 m

2015, 
2020, 
2025

VV and VH backscatter

Reservoir 
hydrometeorological 

observations

Water-level and 
meteorological 

records

Daily / 
monthly

2015-
2025

Water level, rainfall, air 
temperature

Copernicus DEM GLO-30 30 m Static Elevation, slope, terrain 
derivatives

Training and validation 
data

Point / polygon 
samples Sample-based

2015, 
2020, 
2025

Water bodies, semi-inundated 
ecosystems, terrestrial 

ecosystems, bare soil / built-up 
surfaces

Table 1. Summary of datasets used in this study

Table 2. Seasonal rainfall characteristics in the Thac Ba Reservoir area for the benchmark years used in this study (mm).

Year Annual 
rainfall

Dry season, 
Nov–Apr

Wet season, 
May–Oct

Late dry-season 
window, Mar–May

Peak wet-season 
window, Aug–Oct

2015 1808.9 238.7 1570.2 299.6 740.2
2020 1579.1 239.0 1340.1 198.5 717.6
2025 3617.5 289.6 3327.9 540.1 1738.8
Mean 2335.2 255.8 2079.4 346.1 1065.5

For 2015, Sentinel-2 data were limited to post-launch acquisitions in the second half of the year.

Rainfall data were provided by the Viet Bac Regional Hydrometeorological Station. 

Methods

The methodological framework consisted of five 
steps: image selection and preprocessing,; derivation 
of spectral, radar and terrain variables,; multi-source 
data integration;, supervised classification; and spa-
tiotemporal analysis of reservoir-margin landscape 
units. The workflow was implemented for the bench-
mark years 2015, 2020 and 2025 under low-water 
and high-water conditions (Figure 3).

Image selection and preprocessing

For each benchmark year, satellite images were se-
lected for two hydrological states. Late dry-season 
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Fig. 3. Methodological framework of the study.

images from March to May represented low-water 
conditions, when drawdown surfaces are most clearly 
exposed. Peak wet-season images from August to 
October represented high-water conditions, when 
reservoir inundation approaches its seasonal max-
imum. Th is seasonal design allowed comparison 
between reduced and expanded water conditions.

Landsat Collection 2 Level-2 surface refl ectance 
was used as the primary optical dataset. Landsat 
8 images were used for 2015 and 2020, whereas 
Landsat 8/9 images were used for 2025. Cloud and 
cloud-shadow pixels were masked using the quali-
ty-assurance layers supplied with the image prod-
ucts. Median seasonal composites were generated 
for each year-season subset to reduce residual cloud 
contamination, atmospheric noise and short-term 
surface anomalies (Gorelick et al. 2017; Tamiminia 
et al. 2020; Ghosh et al. 2022).

Sentinel-2 MSI Level-2A images were used as 
complementary optical data for shoreline inter-
pretation. Sentinel-1 GRD C-band SAR data were 
processed in Google Earth Engine using standard 
preprocessing steps, including thermal noise remov-
al, radiometric calibration and terrain correction. 
VV and VH backscatter coeffi  cients were converted 
to decibel units. All optical, radar and terrain pre-
dictors were resampled to a common 30- m grid, 
using the Landsat grid as the spatial reference for 
interannual comparison.

Spectral, radar and terrain variables

Spectral indices were calculated to represent vege-
tation, open water and surface moisture conditions. 
For Landsat 8/9, the Blue, Green, Red, Near-Infrared 
and Shortwave Infrared bands correspond to B2, 
B3, B4, B5 and B6, respectively. For Sentinel-2, the 
corresponding bands were B2, B3, B4, B8 and B11. 
Th e indices were used as predictor variables in the 
classifi cation.

Th e Normalized Diff erence Vegetation Index 
(NDVI) was calculated as:

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 = 𝑁𝑁𝑁𝑁𝑁𝑁 − 𝑅𝑅𝑅𝑅𝑅𝑅
𝑁𝑁𝑁𝑁𝑁𝑁 + 𝑅𝑅𝑅𝑅𝑅𝑅 

NDVI was used to represent vegetation greenness 
and density (Rouse et al. 1973; Tucker 1979; Myneni 
et al. 1995). Th e Normalized Diff erence Water Index 
(NDWI) was calculated as:

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 = 𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 − 𝑁𝑁𝑁𝑁𝑁𝑁
𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 + 𝑁𝑁𝑁𝑁𝑁𝑁 

NDWI was used to support open-water detection 
(McFeeters 1996). Th e Modifi ed Normalized Diff erence 
Water Index (MNDWI) was calculated as:

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 = 𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 − 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆
𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 + 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 

(1)

(2)

(3)
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MNDWI improves the separation of open water from 
moist non-water surfaces (Xu 2006). The Land Surface 
Water Index (LSWI) was calculated as:

𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 = 𝑁𝑁𝑁𝑁𝑁𝑁 − 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆
𝑁𝑁𝑁𝑁𝑁𝑁 + 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 

LSWI was used to indicate vegetation and land-sur-
face moisture conditions in the fluctuating shoreline 
zone (Chandrasekar et al. 2010; Dong et al. 2014; 
Mohammed et al. 2024). The Enhanced Vegetation 
Index (EVI) was calculated as:

𝐸𝐸𝐸𝐸𝐸𝐸 = 2.5 × 𝑁𝑁𝑁𝑁𝑁𝑁 − 𝑅𝑅𝑅𝑅𝑅𝑅
𝑁𝑁𝑁𝑁𝑁𝑁 + 6𝑅𝑅𝑅𝑅𝑅𝑅 − 7.5𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 + 1 

EVI was included to represent vegetation structure 
in denser shoreline and upper-slope sectors (Huete 
et al. 2002).

In addition to spectral indices, the predictor set 
included Landsat-derived land-surface temperature, 
Sentinel-1 VV and VH backscatter, elevation and slope. 
Elevation and slope were derived from the Copernicus 
DEM GLO-30. Reservoir water level, rainfall and air 
temperature were used for hydrological interpretation 
and were not included as pixel-level predictors.

Multi-source data integration and Random 
Forest classification

The classification framework was based on multi-source 
data integration. Landsat, Sentinel-2, Sentinel-1 and 
DEM-derived variables were resampled to the same 
spatial grid and organized as predictor layers. The 
predictor stack included optical reflectance, spectral 
indices, land-surface temperature, SAR backscatter 
and terrain variables.

A Random Forest classifier was used to map reser-
voir-margin landscape units because it is suitable for 
multi-class remote-sensing classification in heteroge-
neous land-cover settings and can handle non-linear 
relationships among correlated predictors (Breiman 
2001; Pal 2005; Belgiu and Drăguţ 2016). The model 
was implemented with 300 decision trees, and the num-
ber of variables considered at each split was set to the 
square root of the total number of predictors. During 
model development, we monitored for out-of-bag error 
(an internal Random Forest error estimate calculated 
from data withheld from each individual tree), whereas 
final accuracy assessment was based on independent 
validation samples.

The final classification scheme included three prin-
cipal classes: water bodies, semi-inundated ecosys-
tems and terrestrial ecosystems. Bare soil and built-up 
surfaces were identified during sample interpretation 
but were merged with terrestrial ecosystems in the 
final classification because they occupied limited and 
fragmented areas and were not the main focus of the 
shoreline analysis.

The semi-inundated ecosystems class represented 
seasonally water-affected land within the reservoir 
fluctuation belt. It was characterized by intermediate 
water- and moisture-index values, positive vegeta-
tion-index values, radar responses distinct from open 
water and dry terrestrial surfaces and a topographic 
position close to the seasonal shoreline. This class in-
cluded areas affected by periodic inundation, residual 
moisture and semi-inundated vegetation.

A separate vegetation-related classification was 
applied to the non-water component of the shoreline. 
Vegetated surfaces were grouped into sparse, mod-
erate and dense vegetation using vegetation indices, 
moisture-related indices and classification outputs. 
These classes were used to examine shoreline vegetation 
structure under low-water and high-water conditions.

Sampling strategy and accuracy assessment

Training and validation samples were compiled us-
ing a stratified sampling design by class, benchmark 
year and hydrological condition. This design ensured 
representation of both extensive classes and spatially 
fragmented shoreline classes. Training and validation 
samples were prepared independently.

A total of 1,200 validation samples were used 
for accuracy assessment, with 200 samples for each 
year-season subset. For 2015 and 2020, validation 
samples were interpreted mainly from contempora-
neous high-resolution Google Earth imagery. For 2025, 
validation samples were derived from Google Earth 
imagery and field observations collected during the 
image-acquisition period.

Classification accuracy was assessed from confusion 
matrices for each benchmark year and hydrological 
condition. The metrics included overall accuracy (OA), 
Kappa coefficient (κ – a statistical measure of classifica-
tion agreement beyond chance), user’s accuracy (UA), 
producer’s accuracy (PA) and F1-score.

Overall accuracy was calculated as:

(4)

(5)
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𝑂𝑂𝑂𝑂 =
∑ 𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖
𝑁𝑁  

where xii is the number of correctly classified valida-
tion samples in class i, and N is the total number of 
validation samples.

The Kappa coefficient was calculated as:

𝜅𝜅 = 𝑝𝑝𝑜𝑜 − 𝑝𝑝𝑒𝑒
1 − 𝑝𝑝𝑒𝑒

 

where po is the observed agreement and pe  is the ex-
pected agreement by chance.

User’s accuracy and producer’s accuracy were cal-
culated as:

𝑈𝑈𝑈𝑈 = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 

𝑃𝑃𝑃𝑃 = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 

where TP, FP and FN denote true positives, false pos-
itives and false negatives, respectively.

The F1-score was calculated as:

𝐹𝐹1 = 2 × 𝑈𝑈𝑈𝑈 × 𝑃𝑃𝑃𝑃
𝑈𝑈𝑈𝑈 + 𝑃𝑃𝑃𝑃  

Spatiotemporal analysis

Spatiotemporal change was analysed at two levels. First, 
the areas of water bodies, semi-inundated ecosystems 
and terrestrial ecosystems were calculated from the 
low-water classifications of 2015, 2020 and 2025. 
Low-water classifications were used for interannual 
comparison because the drawdown zone and shoreline 
transition belt are most clearly expressed during this 
period. Second, vegetation-related classes were analysed 
under both low-water and high-water conditions to 
compare shoreline vegetation structure between con-
trasting hydrological states.

Class areas were calculated in hectares from the 
number of classified 30- m pixels. Each pixel rep-
resented 900 m², equivalent to 0.09 ha. Inter-period 
change was expressed as absolute area change and 
percentage change. Percentage change (Δ%) was cal-
culated as:

Δ% = 𝐴𝐴𝑡𝑡2 − 𝐴𝐴𝑡𝑡1
𝐴𝐴𝑡𝑡1

× 100 

where At1 and At2 are the class areas at the initial and 
subsequent benchmark years, respectively.

Spatial interpretation was conducted by comparing 
classified maps, water-extent layers, vegetation-relat-
ed classes and DEM-derived terrain information. 
Shoreline environmental responses were interpreted 
as spatial changes in reservoir-margin landscape units 
associated with repeated water-level fluctuation.

Results

Classification accuracy

The Random Forest classification produced consistent 
accuracy across the six year-season subsets. Overall 
accuracy ranged from 0.850 to 0.920, and Kappa 
coefficient values ranged from 0.77 to 0.88 (Table 3). 
The highest classification accuracy was obtained for 
the 2020 high-water subset, whereas the lowest value 
was recorded for the 2015 low-water subset.

The class-specific F1-scores ranged from 0.83 to 
0.94. Water bodies showed F1-scores between 0.86 
and 0.93, while semi-inundated ecosystems showed 
F1-scores between 0.85 and 0.94. The terrestrial 
ecosystems class had F1-scores between 0.83 and 
0.91. These values indicate that the three principal 
landscape units were mapped with sufficient con-
sistency for subsequent spatiotemporal analysis.

Changes in principal landscape units under 
low-water conditions

The areas of the principal landscape units under 
low-water conditions are presented in Table 4. Their 
spatial distribution in 2015, 2020 and 2025 is shown 
in Figure 4, and the corresponding area trends are 
shown in Figure 5.

Under low-water conditions, the water-body 
class increased from 13,830.3 ha in 2015 to 15,475.1 
ha in 2020 and 16,916.9 ha in 2025, correspond-
ing to a net increase of 22.32%. Semi-inundated 
ecosystems increased from 3,909.3 ha in 2015 to 
5,319.1 ha in 2020, then decreased to 4,177.6 ha in 
2025. Their 2025 extent remained slightly higher 
than that recorded in 2015. Terrestrial ecosystems 

(6)

(7)

(9)

(10)

(11)

(8)
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Landscape unit Area 2015 
(ha)

Area 2020 
(ha)

Area 2025 
(ha)

Change 
2015–2020 

(%)

Change 
2020–2025 

(%)

Net change 
2015–2025 (%)

Water bodies 13,830.3 15,475.1 16,916.9 11.89 9.32 22.32
Semi-inundated 

ecosystems 3,909.3 5,319.1 4,177.6 36.06 -21.46 6.86

Terrestrial 
ecosystems 102,199.9 99,145.4 98,845.1 -2.99 -0.30 -3.28

Table 4. Changes in the principal landscape units of Thac Ba Reservoir under low-water conditions, 2015–2025

Fig. 4. Spatial distribution of water bodies, semi-inundated ecosystems and terrestrial ecosystems in Thac Ba Reservoir under 
low-water conditions in 2015, 2020 and 2025

Year Hydrological 
condition

Overall 
accuracy

Kappa 
coefficient

F1-score: 
water 

bodies

F1-score: semi-
inundated 
ecosystems

F1-score: 
terrestrial 

ecosystems

2015 Low-water 0.850 0.77 0.86 0.85 0.83
High-water 0.860 0.79 0.88 0.87 0.84

2020 Low-water 0.880 0.82 0.89 0.89 0.84
High-water 0.920 0.88 0.91 0.94 0.91

2025 Low-water 0.885 0.83 0.89 0.90 0.86
High-water 0.915 0.87 0.93 0.91 0.90

Table 3. Classification accuracy of the Random Forest model for the benchmark years and hydrological conditions.
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Fig. 5. Changes in the area of water bodies, semi-inundated 
ecosystems and terrestrial ecosystems in Thac Ba 
Reservoir under low-water conditions, 2015–2025

Season Vegetation 
class

Area 
2015 (ha)

Area 
2020 (ha)

Area 
2025 (ha)

Change 
2015–2020 

(%)

Change 
2020–2025 

(%)

Net change 
2015–2025 

(%)
Low-
water Water bodies 13,830.3 15,475.1 16,916.9 11.89 9.32 22.32

Sparse 
vegetation 7,634.8 6,642.4 5,855.6 -13.00 -11.85 -23.30

Moderate 
vegetation 85,765.9 61,730.9 84,125.9 -28.02 36.28 -1.91

Dense 
vegetation 12,708.6 36,091.1 13,041.2 183.99 -63.87 2.62

High-
water Water bodies 17,715.6 20,703.5 21,060.9 16.87 1.73 18.88

Sparse 
vegetation 7,867.6 5,612.2 5,314.4 -28.67 -5.31 -32.45

Moderate 
vegetation 36,765.8 25,416.6 19,983.5 -30.87 -21.38 -45.65

Dense 
vegetation 57,590.6 68,207.3 73,580.7 18.43 7.88 27.77

decreased from 102,199.9 ha in 2015 to 98,845.1 
ha in 2025, with a net decrease of 3.28%.

The spatial pattern in Figure 4 shows that water 
bodies were concentrated along the main reservoir 
axis and branching flooded valleys. Semi-inundated 
ecosystems occurred mainly around reservoir mar-
gins, island-foot slopes and shallow embayments. 
Terrestrial ecosystems remained dominant in the 
surrounding upland and more stable shoreline 
sectors.

Table 5. Changes in vegetation-related classes under low-water and high-water conditions

Vegetation-related classes under low-water 
and high-water conditions

Vegetation-related classes were analysed separately 
under low-water and high-water conditions. Th e area 
statistics are presented in Table 5, and their spatial 
distribution is shown in Figure 6.

Under low-water conditions, sparse vegetation 
decreased continuously from 7,634.8 ha in 2015 to 
5,855.6 ha in 2025. Moderate vegetation decreased 
markedly between 2015 and 2020, then increased 
again by 2025, reaching 84,125.9 ha. Dense vegeta-
tion increased from 12,708.6 ha in 2015 to 36,091.1 
ha in 2020, then decreased to 13,041.2 ha in 2025.

Under high-water conditions, water bodies in-
creased from 17,715.6 ha in 2015 to 21,060.9 ha in 
2025. Sparse vegetation and moderate vegetation 
both decreased through the study period. Sparse 
vegetation declined by 32.45%, while moderate 
vegetation declined by 45.65%. Dense vegeta-
tion showed the opposite trend, increasing from 
57,590.6 ha in 2015 to 73,580.7 ha in 2025.

Comparison between the two hydrological 
conditions shows that vegetation-related classes 
varied more irregularly under low-water conditions. 
Under high-water conditions, the decrease in sparse 
and moderate vegetation and the increase in dense 
vegetation were more consistent across the three 
benchmark years.
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Fig. 6. Spatial distribution of vegetation-related eco-environmental classes in Thac Ba Reservoir under low-water and high-
water conditions

Discussion

Reservoir-margin reorganization under 
contrasting hydrological conditions

Th e results show that changes in Th ac Ba Reservoir 
during the study period were expressed not only by 
variation in open-water extent, but also by changes in 
the structure of the reservoir margin. Under low-water 
conditions, the water-body class increased between 
2015 and 2025, while terrestrial ecosystems decreased 
slightly. Th e semi-inundated class showed a non-linear 
pattern, increasing between 2015 and 2020 and then 
decreasing by 2025. Th is pattern indicates that the 
reservoir margin functioned as a fl uctuating transition 
zone rather than as a fi xed boundary between water 
and land.

The low-water classifications provide a useful 
basis for interpreting shoreline adjustment because 
the drawdown belt is most clearly exposed during 

this period. In Thac Ba Reservoir, island-foot 
slopes, shallow embayments and narrow flooded 
valleys are widespread. Under such conditions, 
small vertical differences in water level may pro-
duce relatively large horizontal changes in marginal 
surfaces. The larger mapped water extent in 2025 
corresponds with the very wet conditions recorded 
for that year, although reservoir extent also reflects 
antecedent storage, inflow, operational regulation 
and local shoreline morphology. Similar interac-
tions between hydro-climatic variability and reser-
voir management have been reported in studies of 
lake and reservoir surface-water dynamics (Busker 
et al. 2019; Hou et al. 2022; Sogno et al. 2022).

The behaviour of the semi-inundated class 
further illustrates the sensitivity of the shoreline 
transition belt. Its expansion in 2020 and subse-
quent contraction in 2025 suggest that seasonally 
water-affected surfaces changed in response to the 
combined influence of water-level fluctuation and 
local topographic setting. This is consistent with 
the physical setting of Thac Ba Reservoir, where 



T.N.H. Tran et al. Spatiotemporal dynamics of surface water and eco-environmental responses in Thac Ba Reservoir, Vietnam...

Citation: Bulletin of Geography. Physical Geography Series 2026, 31, http://doi.org/10.12775/bgeo-2026-0012 101

fluctuating water levels intersect a highly irregular 
shoreline and numerous low-gradient marginal 
sectors. The semi-inundated belt therefore forms 
an important spatial expression of reservoir-margin 
adjustment.

Vegetation-related shoreline responses

The vegetation-related results differed between 
low-water and high-water conditions. Under low-wa-
ter conditions, sparse vegetation declined continuous-
ly, whereas moderate and dense vegetation changed 
more strongly between benchmark years. This var-
iability reflects the heterogeneous character of the 
exposed drawdown belt, where vegetation structure 
is influenced by exposure duration, residual moisture 
and local topographic position.

Under high-water conditions, the pattern was 
more consistent. Sparse and moderate vegetation 
decreased, while dense vegetation increased over 
the study period. This contrast suggests a differ-
entiation between lower shoreline sectors, which 
are more frequently affected by inundation and 
exposure, and higher or more stable sectors, where 
denser vegetation can persist. Similar hydrologi-
cally related contrasts in vegetation structure have 
been observed in wetland and reservoir-margin 
environments, where inundation frequency and 
surface moisture influence the spatial arrangement 
of vegetation and exposed surfaces (Palmer et al. 
2015; Alwan and Aziz 2022; Bhaga et al. 2023).

In this study, the vegetation classes represent 
broad structural differences in vegetation density 
and surface condition detectable from remote sens-
ing data. They are therefore useful for identifying 
landscape-scale shoreline responses, although they 
do not describe species composition or floristic 
community structure. This distinction is relevant 
for interpreting the results as spatial eco-environ-
mental responses of the reservoir margin rather 
than as field-based ecological classification.

Contribution of multi-source data integration 
and SAR information

The classification results indicate that the integration 
of optical, radar and terrain variables was suitable 

for mapping the principal reservoir-margin classes. 
Water bodies and semi-inundated ecosystems showed 
stable F1-scores across the year-season subsets. This 
is relevant for Thac Ba Reservoir because open water, 
wet sediment, sparse vegetation and semi-inundated 
vegetation often occur in close proximity and may 
produce overlapping optical responses.

Sentinel-1 SAR contributed complementary 
information for the interpretation of water and 
moisture-related surfaces. In the monsoonal setting 
of northern Vietnam, optical image availability may 
be limited by cloud cover, particularly during the 
wet season. SAR backscatter provides information 
on surface roughness, moisture condition and inun-
dation state, which is useful for distinguishing open 
water, moist drawdown areas and semi-inundated 
surfaces. Radar observations have been widely used 
for water, wetland and soil-moisture monitoring in 
hydrologically variable environments (Dąbrowska-
Zielińska et al. 2017; Li et al. 2019; Yang et al. 2022).

The analytical framework applied in this study 
was based on multi-source data integration. 
Landsat, Sentinel-2, Sentinel-1 and DEM-derived 
variables were resampled to a common grid and 
used jointly as predictor layers in the Random 
Forest classifier. This structure allowed optical, 
radar and terrain information to contribute to the 
discrimination of water-related and transitional 
shoreline classes without generating a separate 
fused image product.

Data reliability and uncertainty

The mapped changes need to be viewed in relation 
to the spatial resolution and consistency of the input 
datasets. The 30 m Landsat reference grid provided 
a common basis for comparison across the benchmark 
years, but narrow inlets, small islands and irregular 
shoreline edges are not fully resolved at this scale. 
Mixed pixels are likely in the semi-inundated belt, 
where shallow water, wet sediment and vegetation 
may occur within a single pixel. Such scale effects are 
common in medium-resolution studies of inland-wa-
ter and shoreline dynamics (Wang et al. 2018; Wang 
et al. 2019; Zhang et al. 2022).

Sensor differences also affect the interpreta-
tion of shoreline classes. Sentinel-2 provides finer 
optical detail than Landsat, whereas Sentinel-1 
measures radar backscatter rather than reflected 
solar radiation. Resampling these datasets to 30 m 
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maintained interannual comparability, but some 
fine-scale shoreline information was generalized. 
Harmonized Landsat–Sentinel products may im-
prove future analyses, particularly where dense 
seasonal time series are required. In the present 
study, the Landsat archive provided the most con-
sistent baseline for the three benchmark years, 
including 2015.

The hydrometeorological context helps interpret 
seasonal and interannual differences in mapped 
water extent. The high rainfall in 2025 is consistent 
with the larger mapped water area, but reservoir 
change also depends on inflow, water-level reg-
ulation and antecedent storage. A more detailed 
attribution of water-area change would require 
continuous water-level records, reservoir operation 
data and higher-frequency satellite observations.

The vegetation-related results also involve 
scale-dependent interpretation. Sparse, moderate 
and dense vegetation classes reflect spectral and 
structural differences observable from satellite data. 
They are appropriate for landscape-scale moni-
toring of shoreline condition, while species-level 
composition and vegetation succession require 
more detailed field surveys.

Practical implications and future research

The findings indicate that reservoir monitoring 
should include not only open-water extent but also 
semi-inundated zones and vegetation-related shore-
line classes. These classes provide information on the 
drawdown belt and adjacent reservoir margin, espe-
cially in island-foot slopes, shallow embayments and 
low-lying shoreline areas where repeated inundation 
and exposure are common.

The approach is relevant to broader water and 
wetness monitoring. Satellite-based products such 
as the Copernicus High Resolution Layer Water 
and Wetness and wetland-oriented systems such 
as POLWET demonstrate the value of deriving 
spatial information on water occurrence, wetness 
and transitional environments from remote sensing 
data (Dąbrowska-Zielińska et al. 2016; Copernicus 
Land Monitoring Service 2025). At reservoir scale, 
similar information can support shoreline mon-
itoring, drought assessment and water-resource 
management.

Future work should extend the benchmark-year 
approach to denser annual or seasonal time se-
ries. Higher-resolution optical data, harmonized 
Landsat–Sentinel products, longer-wavelength SAR 
observations and more systematic field validation 
would improve the interpretation of narrow shore-
line sectors and semi-inundated vegetation. L-band 
radar data may be particularly useful for detecting 
inundation and moisture conditions beneath denser 
vegetation. Such developments would strengthen 
the analysis of links among reservoir hydrology, 
shoreline morphology and vegetation response in 
monsoonal water-land systems.

Conclusion

This study examined surface-water dynamics and 
shoreline environmental responses in Thac Ba 
Reservoir, Vietnam, using a multi-source data inte-
gration framework based on Landsat, Sentinel-1 SAR, 
Sentinel-2, terrain variables and hydrometeorological 
observations. The Random Forest classification pro-
duced stable results for the benchmark years 2015, 
2020 and 2025, with overall accuracy ranging from 
0.850 to 0.920 and Kappa coefficient values from 0.77 
to 0.88.

The low-water classifications showed an expan-
sion of water bodies from 13,830.3 ha in 2015 to 
16,916.9 ha in 2025, together with a slight decrease 
in terrestrial ecosystems. Semi-inundated ecosys-
tems changed non-linearly, increasing between 
2015 and 2020 and decreasing thereafter. These 
results indicate that reservoir change was expressed 
not only by variation in open-water extent, but also 
by adjustment of the drawdown belt and adjacent 
shoreline units.

Vegetation-related classes showed different 
patterns under low-water and high-water con-
ditions. Under low-water conditions, vegetation 
structure varied within the exposed drawdown belt. 
Under high-water conditions, sparse and moderate 
vegetation decreased, whereas dense vegetation 
increased in more stable shoreline sectors. This 
contrast confirms the importance of considering 
hydrological state when interpreting shoreline 
vegetation responses.

The study demonstrates the usefulness of in-
tegrating optical imagery, SAR backscatter and 
terrain information for mapping water-related and 
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transitional shoreline classes in a morphologically 
complex reservoir. The results also show the need 
for further work based on denser seasonal time 
series, harmonized Landsat–Sentinel products, 
longer-wavelength SAR data and more systematic 
field validation to improve the interpretation of 
shoreline transition processes in monsoonal res-
ervoir environments.

Acknowledgements

This research was supported by Projects of Minis-
try of Education and Training in Vietnam under 
Grant number B2025-TNA-09. The authors would 
like to express their sincere gratitude to this pro-
ject for providing the data and information neces-
sary for this study.

Disclosure statement

The authors declare that they have no conflict of 
interest. 

Author contributions

Study design: TNHT; data collection: TLN; statistical 
analysis: TNHT; result interpretation: TNHT; man-
uscript preparation: QLK; literature review: QLK.

References

ACHARYA TD, SUBEDI A  and LEE DH, 2019, Eval-
uation of machine learning algorithms for surface 
water extraction in a Landsat 8 scene of Nepal. Sen-
sors  19(12): 2769. DOI:  https://doi.org/10.3390/
s19122769.

ALBARQOUNI MMY, YAGMUR N, BALCIK FB and 
SEKERTEKIN A, 2022, Assessment of spatio-tem-
poral changes in water surface extents and lake sur-

face temperatures using Google Earth Engine for 
Lakes Region, Türkiye.  ISPRS International Jour-
nal of Geo-Information  11(7): 407. DOI:  https://doi.
org/10.3390/ijgi11070407.

ALWAN IA and AZIZ NA, 2022, Monitoring of surface 
ecological change using remote sensing technique 
over Al-Hawizeh Marsh, Southern Iraq. Remote Sens-
ing Applications: Society and Environment 27: 100784. 
DOI: https://doi.org/10.1016/j.rsase.2022.100784.

BARTOLD M, KLUCZEK M, WRÓBLEWSKI K, 
DĄBROWSKA-ZIELIŃSKA K, GOLIŃSKI P and 
GOLIŃSKA B, 2024, Mapping management intensity 
types in grasslands with synergistic use of Sentinel-1 
and Sentinel-2 satellite images.  Scientific Reports  14: 
32066. DOI:  https://doi.org/10.1038/s41598-024-
83699-4.

BELGIU M and DRĂGUŢ L, 2016, Random forest in 
remote sensing: A  review of applications and fu-
ture directions.  ISPRS Journal of Photogrammetry 
and Remote Sensing  114: 24-31. DOI:  https://doi.
org/10.1016/j.isprsjprs.2016.01.011.

BHAGA TD, DUBE T, SHEKEDE MD and SHOKO C, 
2023, Investigating the effectiveness of Landsat-8 OLI 
and Sentinel-2 MSI satellite data in monitoring the 
effects of drought on surface water resources in the 
Western Cape Province, South Africa.  Remote Sens-
ing Applications: Society and Environment  32: 101037. 
DOI: https://doi.org/10.1016/j.rsase.2023.101037.

BREIMAN L, 2001, Random forests.  Ma-
chine Learning  45(1): 5-32. DOI:  https://doi.
org/10.1023/A:1010933404324.

BUSKER T, DE ROO A, GELATI E, SCHWATKE C, 
BISSELINK B, COTTAM A, DE BONO A and WIN-
SEMIUS H, 2019, A global lake and reservoir volume 
analysis using a surface water dataset and satellite al-
timetry.  Hydrology and Earth System Sciences  23(2): 
669-690. DOI:  https://doi.org/10.5194/hess-23-
669-2019.

CHANDRASEKAR K, SESHA SAI MVR, ROY PS and 
DWEVEDI RS, 2010, Land Surface Water Index 
(LSWI) response to rainfall and NDVI using the 
MODIS vegetation index product. International Jour-
nal of Remote Sensing 31(15): 3987-4005. DOI: https://
doi.org/10.1080/01431160903246736.

COLUZZI R, LASAPONARA R and LANORTE A, 2019, 
Remote sensing for environmental monitoring and 
risk assessment. Bulletin of Geography. Physical Geog-



T.N.H. Tran et al.Spatiotemporal dynamics of surface water and eco-environmental responses in Thac Ba Reservoir, Vietnam...

Citation: Bulletin of Geography. Physical Geography Series 2026, 31, http://doi.org/10.12775/bgeo-2026-0012104

raphy Series  17: 5-15. DOI:  https://doi.org/10.2478/
bgeo-2019-0001.

COPERNICUS LAND MONITORING SERVICE, 2025, 
High Resolution Layer Water and Wetness. Europe-
an Environment Agency. Available at:  https://land.
copernicus.eu/en/products/high-resolution-lay-
er-water-and-wetness.

DĄBROWSKA-ZIELIŃSKA K, BARTOLD M and GUR-
DAK R, 2016, POLWET - system for new space-based 
products for wetlands under Ramsar Conven-
tion. Geoinformation Issues 8(1): 25-35. DOI: https://
doi.org/10.34867/gi.2016.3.

DĄBROWSKA-ZIELIŃSKA K, MUSIAŁ JP, MALINSKA 
A, BUDZYŃSKA M, GROMNY E and KUBIAK K, 
2017, Application of Sentinel-1 VH and VV and Sen-
tinel-2 for soil moisture and wetland monitoring. Pro-
ceedings of SPIE  10426: 104260C. DOI:  https://doi.
org/10.1117/12.2278613.

DONCHYTS G, BAART F, WINSEMIUS H, GORELICK 
N, KWADIJK J and VAN DE GIESEN N, 2016, Earth’s 
surface water change over the past 30 years.  Na-
ture Climate Change 6(9): 810-813. DOI: https://doi.
org/10.1038/nclimate3111.

DONG Z, WANG Z, LIU D, SONG K, LI L, JIA M 
and DING Z, 2014, Mapping wetland areas using 
Landsat-derived NDVI and LSWI: A  case study of 
West Songnen Plain, Northeast China.  Journal of 
the Indian Society of Remote Sensing  42(3): 569-576. 
DOI: https://doi.org/10.1007/s12524-013-0354-4.

DÖRNHÖFER K and OPPELT N, 2016, Remote sensing 
for lake research and monitoring - Recent advanc-
es. Ecological Indicators 64: 105-122. DOI: https://doi.
org/10.1016/j.ecolind.2015.12.009.

FEYISA GL, MEILBY H, FENSHOLT R and PROSPERI-
US J, 2014, Automated Water Extraction Index: A new 
technique for surface water mapping using Landsat 
imagery.  Remote Sensing of Environment  140: 23-35. 
DOI: https://doi.org/10.1016/j.rse.2013.08.029.

GAO BC, 1996, NDWI - A  normalized difference wa-
ter index for remote sensing of vegetation liquid wa-
ter from space. Remote Sensing of Environment 58(3): 
257-266. DOI:  https://doi.org/10.1016/S0034-
4257(96)00067-3.

GHOSH S, KUMAR D and KUMARI R, 2022, Cloud-
based large-scale data retrieval, mapping and analysis 
for land monitoring applications with Google Earth 

Engine (GEE).  Environmental Challenges  9: 100605. 
DOI: https://doi.org/10.1016/j.envc.2022.100605.

GORELICK N, HANCHER M, DIXON M, ILYUSH-
CHENKO S, THAUVOTTE T and MOORE R, 
2017, Google Earth Engine: Planetary-scale geospa-
tial analysis for everyone.  Remote Sensing of Envi-
ronment  202: 18-27. DOI:  https://doi.org/10.1016/j.
rse.2017.06.031.

HOU J, VAN DIJK AIJM, BECK HE, RENZULLO LJ 
and WADA Y, 2022, Remotely sensed reservoir wa-
ter storage dynamics (1984-2015) and the influence 
of climate variability and management at a  global 
scale. Hydrology and Earth System Sciences  26: 3785-
3811. DOI:  https://doi.org/10.5194/hess-26-3785-
2022.

HUETE A, DIDAN K, MIURA T, RODRIGUEZ EP, 
GAO X and FERREIRA LG, 2002, Overview of the 
radiometric and biophysical performance of the 
MODIS vegetation indices. Remote Sensing of Environ-
ment  83(1-2): 195-213. DOI: https://doi.org/10.1016/
S0034-4257(02)00096-2.

JI L, ZHANG L and WYLIE BK, 2009, Analysis of dy-
namic thresholds for the normalized difference water 
index. Photogrammetric Engineering and Remote Sens-
ing 75(11): 1307-1317. DOI: https://doi.org/10.14358/
PERS.75.11.1307.

KIEU QL, 2021, Flash flood hazard mapping using satel-
lite images and GIS integration method: A case study 
of Lai Chau province, Vietnam.  Geographia Techni-
ca  16(1): 116-127. DOI:  https://doi.org/10.21163/
GT_2021.161.11.

KIEU QL and TRAN DV, 2021, Application of geospa-
tial technologies in constructing a flash flood warning 
model in northern mountainous regions of Vietnam: 
A case study at Trinh Tuong commune, Bat Xat dis-
trict, Lao Cai province.  Bulletin of Geography. Phys-
ical Geography Series  20: 31-43. DOI:  https://doi.
org/10.2478/bgeo-2021-0003.

KIEU QL, TRAN TNH and AN TXN, 2023, Assessment 
of the current state and proposals for solutions to 
improve surface water management efficiency in Yen 
Bai province.  TNU Journal of Science and Technolo-
gy  228(14): 152-159. DOI:  https://doi.org/10.34238/
tnu-jst.8542.

LI W, DU Z, LING F, ZHOU D, WANG H, GUI Y, SUN 
B and ZHANG X, 2019, A  comparison of land sur-
face water mapping using the Landsat 8 OLI and 



T.N.H. Tran et al. Spatiotemporal dynamics of surface water and eco-environmental responses in Thac Ba Reservoir, Vietnam...

Citation: Bulletin of Geography. Physical Geography Series 2026, 31, http://doi.org/10.12775/bgeo-2026-0012 105

Sentinel-2 MSI. International Journal of Remote Sens-
ing  40(12): 4700-4717. DOI:  https://doi.org/10.1080
/01431161.2019.1569794.

McFEETERS SK, 1996, The use of the Normalized Dif-
ference Water Index (NDWI) in the delineation of 
open water features.  International Journal of Re-
mote Sensing  17(7): 1425-1432. DOI:  https://doi.
org/10.1080/01431169608948714.

MOHAMMED I, ALWAN I  and ZIBOON AR, 2024, 
Drought in Iraq: Remote sensing assessment using 
LSWI-index and Landsat imagery.  Engineering and 
Technology Journal  42(11): 1475-1485. DOI:  https://
doi.org/10.30684/etj.2024.147019.

MYNENI RB, HALL FG, SELLERS PJ and MARSHAK 
AL, 1995, The interpretation of spectral vegeta-
tion indexes.  IEEE Transactions on Geoscience and 
Remote Sensing  33(2): 481-486. DOI:  https://doi.
org/10.1109/36.377948.

NGUYEN TT and NGUYEN TS, 2025, Satellite and 
gauge-based precipitation dataset assessment in Thua 
Thien Hue (Vietnam).  Bulletin of Geography. Physi-
cal Geography Series  28: 65-80. DOI:  https://doi.
org/10.12775/bgeo-2025-0005.

OTSU N, 1979, A  threshold selection method from 
gray-level histograms.  IEEE Transactions on Systems, 
Man, and Cybernetics  9(1): 62-66. DOI:  https://doi.
org/10.1109/TSMC.1979.4310076.

PAL M, 2005, Random forest classifier for remote sensing 
classification.  International Journal of Remote Sens-
ing  26(1): 217-222. DOI:  https://doi.org/10.1080/01
431160412331269698.

PALMER SCJ, KUTSER T and HUNTER PD, 2015, Re-
mote sensing of inland waters: Challenges, progress 
and future directions.  Remote Sensing of Envi-
ronment  157: 1-8. DOI:  https://doi.org/10.1016/j.
rse.2014.09.021.

PEKEL JF, COTTAM A, GORELICK N and BELWARD 
AS, 2016, High-resolution mapping of global surface 
water and its long-term changes.  Nature  540(7633): 
418-422. DOI: https://doi.org/10.1038/nature20584.

PHAM-DUC B, FRAPPART F, TRAN-ANH Q, TONG 
SIS, PHAN H, NGUYEN QUOC S, PHAM LE A and 
DO VIET B, 2022, Monitoring lake volume varia-
tion from space using satellite observations: A  case 
study in Thac Mo Reservoir (Vietnam). Remote Sens-
ing  14(16): 4023. DOI:  https://doi.org/10.3390/
rs14164023.

PHAM QT, QUACH LX and TRAN DT, 2022, The in-
fluence of water level fluctuations on the shore-
line stability of hydroelectric reservoirs in Northern 
Vietnam.  Environmental Earth Sciences  81: 215. 
DOI: https://doi.org/10.1007/s12665-022-10334-w.

PHAM QV, NGUYEN TTH, NGUYEN TB, NGUYEN 
NNT, LA TO and NGUYEN TPT, 2019, Develop-
ing algorithm for estimating chlorophyll-a  concen-
tration in the Thac Ba Reservoir surface water using 
Landsat 8 imagery.  Vietnam Journal of Earth Scienc-
es 41(1): 10-20. DOI: https://doi.org/10.15625/0866-
7187/41/1/13542.

PHAN DC, TRUONG T and MAGGI F, 2020, Com-
bined use of Sentinel-2 and Landsat 8 to monitor 
water quality in a  tropical reservoir.  Environmen-
tal Science and Pollution Research  27: 29505-29520. 
DOI: https://doi.org/10.1007/s11356-020-09250-4.

PTAK M, 2018, The effect of a water dam on Lake Pow-
idzkie and its vicinity.  Bulletin of Geography. Phys-
ical Geography Series  15: 5-13. DOI:  https://doi.
org/10.2478/bgeo-2018-0011.

ROUSE JW, HAAS RH, SCHELL JA and DEERING DW, 
1973, Monitoring vegetation systems in the Great 
Plains with ERTS.  Third Earth Resources Technology 
Satellite-1 Symposium, NASA SP-351: 309-317.

SOGNO P, KLEIN I  and KUENZER C, 2022, Remote 
sensing of surface water dynamics in the context of 
global change - A review. Remote Sensing 14(10): 2475. 
DOI: https://doi.org/10.3390/rs14102475.

TAKAMI J, 2022, Estimation of storage change in 
Thac Ba Reservoir for the hydrological controls us-
ing satellite data. In:  2022 IEEE International Geo-
science and Remote Sensing Symposium (IGARSS): 
7942-7945. DOI:  https://doi.org/10.1109/IG-
ARSS46834.2022.9884195.

TAMIMINIA H, SALEHI B, MAHDIANPARI M, 
QUACKENBUSH LJ, ADELI S and BRISCO B, 
2020, Google Earth Engine for geo-big data applica-
tions: A  meta-analysis and systematic review.  ISPRS 
Journal of Photogrammetry and Remote Sensing  164: 
152-170. DOI:  https://doi.org/10.1016/j.isprs-
jprs.2020.04.001.

TRAN THH, TRAN TT, NGUYEN VT, NGO XQ and 
PHAM TL, 2021, Environmental factors influenc-
ing chlorophyll-a  concentration in Tri An Reservoir, 
Vietnam.  VNU Journal of Science: Earth and Envi-



T.N.H. Tran et al.Spatiotemporal dynamics of surface water and eco-environmental responses in Thac Ba Reservoir, Vietnam...

Citation: Bulletin of Geography. Physical Geography Series 2026, 31, http://doi.org/10.12775/bgeo-2026-0012106

ronmental Sciences  37(2): 13-23. DOI:  https://doi.
org/10.25073/2588-1094/vnuees.4535.

TRAN TTT, TRINH LH, DO TPT and LE VP, 2026, 
Drought risk assessment in Quang Tri Province, Vi-
etnam using Landsat multi-temporal remote sens-
ing data and machine learning algorithm.  Bulletin 
of Geography. Physical Geography Series  30: 25-37. 
DOI: https://doi.org/10.12775/bgeo-2026-0002.

TRINH LH and VU DT, 2019, Application of remote 
sensing technique for drought assessment based on 
normalized difference drought index, a  case study 
of Bac Binh district, Binh Thuan province (Viet-
nam). Russian Journal of Earth Sciences 19(2): ES2003. 
DOI: https://doi.org/10.2205/2018ES000647.

TRINH LH, LE VP and NGUYEN TTN, 2025, Pre-clas-
sification method for detecting vegetation cov-
er changes in Dak Lak province (Vietnam).  Bulletin 
of Geography. Physical Geography Series  28: 5-16. 
DOI: https://doi.org/10.12775/bgeo-2025-0001.

TUCKER CJ, 1979, Red and photographic infrared lin-
ear combinations for monitoring vegetation.  Remote 
Sensing of Environment  8(2): 127-150. DOI:  https://
doi.org/10.1016/0034-4257(79)90013-0.

ULIBARRI N and TAEIHAGH A, 2018, Rethink-
ing the environmental impacts of hydropower: The 
role of social-ecological systems.  Water  10(5): 574. 
DOI: https://doi.org/10.3390/w10050574.

VIJAYAKUMAR S, SARAVANAKUMAR R, ARULA-
NANDAM M, RAJENDRAN T and DHANARAJ 
RK, 2024, Google Earth Engine: Empowering devel-
oping countries with large-scale geospatial data anal-
ysis - A  comprehensive review.  Arabian Journal of 
Geosciences 17(4): 139. DOI: https://doi.org/10.1007/
s12517-024-11948-x.

VÖRÖSMARTY CJ, McINTYRE PB, GESSNER MO, 
DUDGEON D, PRUSEVICH A, GREEN P, GLID-
DEN S, BUNN SE, SULLIVAN CA, REIDY LIER-
ZMANN C and DAVIES PM, 2010, Global threats 
to human water security and river biodiversity.  Na-
ture 467(7315): 555-561. DOI: https://doi.org/10.1038/
nature09440.

WANG C, JIA M, CHEN N and WANG W, 2018, Long-
term surface water dynamics analysis based on 
Landsat imagery and the Google Earth Engine plat-
form: A  case study in the Middle Yangtze River Ba-

sin.  Remote Sensing  10(10): 1635. DOI:  https://doi.
org/10.3390/rs10101635.

WANG Y, MA J, XIAO X, WANG X, DAI S and ZHAO 
B, 2019, Long-term dynamic of Poyang Lake surface 
water: A  mapping work based on the Google Earth 
Engine cloud platform.  Remote Sensing  11(3): 313. 
DOI: https://doi.org/10.3390/rs11030313.

XU H, 2006, Modification of normalised difference wa-
ter index (NDWI) to enhance open water features 
in remotely sensed imagery.  International Journal of 
Remote Sensing  27(14): 3025-3033. DOI:  https://doi.
org/10.1080/01431160600589179.

YANG L, DRISCOL J, SARIGAI S, WU Q, CHEN H 
and LIPPITT CD, 2022, Google Earth Engine and 
Artificial Intelligence (AI): A  comprehensive re-
view.  Remote Sensing  14(14): 3253. DOI:  https://doi.
org/10.3390/rs14143253.

ZHANG
ZHANG T, WANG H, HU S, YOU S and YANG X, 

2022, Long-term and bimonthly estimation of lake 
water extent using Google Earth Engine and Landsat 
data.  Remote Sensing  14(12): 2893. DOI:  https://doi.
org/10.3390/rs14122893.

Received 7 April 2026
Accepted 7 June 2026


