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Abstract

This study presents an integrated satellite-based approach for estimating water trans-
parency and algal bed distribution in the dynamic environment of the Mekong River using
satellite imagery. Recognizing that previous research has predominantly focused on marine
settings, this work addresses the unique challenges inherent in riverine systems like the
Mekong, where low and variable transparency demands specialized techniques. Utilizing
Sentinel-2 satellite data, a system was developed that compensates for water depth effects
through the Bottom Index—a metric derived from the reflective properties of the riverbed.
This approach effectively minimizes the influence of water depth variability on remote
sensing data and enhances the accuracy of bottom characterization. Concurrently, water
transparency is estimated via a ratio-based statistical model that correlates reflectance
values from two selected bands to compute the Secchi-Disk Depth. Field experiments
conducted in both coastal waters demonstrated that the estimated results align with in situ
observations in algal bed distribution.

Keywords: algal bed mapping; remote sensing; water transparency estimation

1. Introduction

The Mekong River underpins diverse ecosystems and livelihoods across Southeast
Asia but is undergoing pronounced environmental change driven by hydropower develop-
ment, altered flow and sediment regimes, and climate variability [1]. Efficient, repeated,
basin-scale monitoring of water transparency and algal vegetation is therefore essential. At
the management interface, basin-scale information also supports evaluating the resilience
of nature-based treatment systems under variable contaminant loads [2]. The Mekong
River is characterized by high turbidity and strong seasonal variation in suspended sed-
iment load, influenced by upstream hydropower dams, monsoonal flow changes, and
flood—-drought cycles. These drivers cause frequent low-transparency conditions, making
conventional single-indicator mapping (e.g., using SDD or BI alone) prone to false positives
or incomplete retrievals. By explicitly integrating SDD-derived transparency constraints
into BI mapping, our workflow targets only optically suitable pixels, thereby improving
reliability compared to traditional approaches.
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Cloud-based geospatial platforms such as Google Earth Engine (GEE) enable the
processing of petabyte-scale satellite archives, making wide-area, high-frequency aquatic
assessments feasible using sensors like Sentinel-2. Recent reviews emphasize that successful
inland water quality retrievals hinge on sensor choice, atmospheric correction, and tailored
bio-optical modeling [3]. Furthermore, Al-driven GEE applications for water monitoring
(e.g., algal bloom predictions, temporal trend detection) show the platform’s growing
power in environmental monitoring [4]. Beyond habitat mapping, these data streams also
support ecosystem and carbon-cycle assessments; recent syntheses highlight growing use of
satellite-derived clarity and productivity indicators and ecosystem-model ensembles [5,6].

In the Mekong context, recent work by Nontapon et al. employed Landsat-8 imagery
validated by in situ data (2017-2023) to estimate suspended sediment concentration (SSC)
using indices such as NDSSI, NSMI, and NDTI, achieving an R? of approximately 0.72 for
NDSSI and demonstrating the feasibility of satellite-based sediment monitoring in highly
turbid rivers [7]. Building upon this foundation, our study extends the application of
satellite data from surface-sediment estimation to subsurface optical analysis by integrating
Secchi Disk Depth (SDD) and the Bottom Index (BI) within a unified GEE workflow. This
approach enhances interpretability and seeks to improve reliability by ensuring that benthic
mapping is performed only in sufficiently transparent water areas, a critical improvement
over single-index methods in optically complex rivers like the Mekong.

In coastal and relatively clear waters, depth-invariant/bottom-reflectance methods (BI-
type) and passive multispectral bathymetry are well established [8], including integrated
mapping of water quality and substrates in optically complex waters [9] and turbidity
retrievals from deltaic to coastal zones [10]. Operational examples include quantitative
mapping of algal and seagrass beds in Innoshima, Seto Inland Sea [11], and satellite-based
transparency (Secchi disk depth, SDD) estimation off Hiroshima following the 2018 heavy-
rain event [12], alongside clarity-oriented algorithm refinements [13]. However, direct
transfer to highly turbid, fast-changing rivers is non-trivial; depth-invariant formulations
often presume spatially uniform optics, and ratio-based transparency regressions need local
calibration. We therefore link a reflectance-ratio SDD estimator with a transparency-aware
Bottom Index in a single GEE workflow and apply it at Yuge Island (Japan) and along the
Mekong near Nakhon Phanom (Thailand).

2. Materials and Methods
2.1. Data and Platform

In this study, we analyze water transparency and algal bed distribution using satellite
imagery. Experiments were conducted at two locations: coastal waters in Japan’s Seto
Inland Sea (near Yuge Island) and a reach of the Mekong River in Thailand (near Nakhon
Phanom). We used Sentinel-2 imagery for all analyses. Sentinel-2 carries the Multispectral
Instrument (MSI), a 13-band push-broom sensor spanning the visible to short-wave infrared
(443-2190 nm) with spatial resolutions of 10/20/60 m and a ~290 km swath. The Sentinel-2
mission is operated by the European Space Agency (ESA) as part of the Copernicus Program
and provides freely accessible global multispectral data. All satellite scenes used in this
study were obtained via the Google Earth Engine (GEE) platform. In this study we use
surface reflectance from Sentinel-2. The Green-NIR pair (B3, B8) is used for Normalized
Difference Water Index (NDWI)-based water masking; B3, B4, and B12 are used in the
transparency (SDD) estimator; and the Bottom Index (BI) is evaluated from paired bands
using shallow /deep reference samples. Table 1 summarizes the Sentinel-2 bands used in
this study, including their center wavelengths and spatial resolutions.
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Table 1. Sentinel-2 bands used in this study.
Band Common Name Center Wavelength (nm)  Spatial Resolution (m)
B3 Green 560 10
B4 Red 665 10
B8 Near-Infrared (NIR) 842 10
B12 Short-Wave Infrared (SWIR) 2190 20

Processing, compositing, and custom analysis were performed on GEE (accessed in
2025). Water detection employed the NDWI computed from bands B3 (Green) and B8 (NIR).
Cloud masking used the Sentinel-2 cloud probability layer with a 20% threshold.

2.2. Transparency (Secchi Disk Depth) Estimation

Generally, methods for estimating transparency from satellite data employ either
semi-theoretical approaches based on water quality parameters—such as SS (suspended
solids), turbidity, Chla (chlorophyll a concentration), and CDOM (colored dissolved organic
matter)—which are primary drivers of transparency, or statistical methods (see also reviews
and clarity-algorithm work in aquatic optics) [13]. Related satellite algorithms have also
been used to infer phytoplankton and algal bloom metrics from multispectral data [14].
In this study, we use a statistical model based on relatively simple ratio calculations, such
as the commonly used Equation (1), to estimate these water quality parameters from

R;
Rj] )

Here, Secchi-Disk Depth (SDD) represents transparency and is one of the most widely

satellite data.

SDD «

used indices for estimating water clarity in aquatic environments. The Secchi Disk is a
black-and-white disk lowered into the water to measure the depth at which it becomes
invisible. This depth correlates with the concentration of suspended solids and other
particles that affect water transparency [15]. SDD is a well-established parameter for
water quality monitoring in both coastal and freshwater environments. In this study, R;
and R; denote the reflectance values for two bands (i and j are band numbers). Sakuno
etal. [12] demonstrated that bands 3 and 4 exhibit the highest correlation, and that a reliable
transparency estimation formula can be obtained by offsetting the band 12 reflectance.

To operationalize the ratio-based framework in Equation (1), we adopt a simple
statistical model using selected Sentinel-2 bands (Green, Red, and SWIR):

R3 — Ry
SDD =2.03 R — Ry 1.53, 2)

where SDD denotes Secchi-Disk Depth (transparency), and R; are atmospherically cor-
rected surface reflectances for band i (B3 = Green, B4 = Red, B12 = SWIR). The band
combination follows prior findings that report strong correlations between such ratios
and in situ transparency. Given seasonal and spatial variability in optical conditions and
particulate loads in the Mekong, Equation (2) uses parameters derived from Sakuno et al.’s
experiments in the Seto Inland Sea, and is treated as an initial model. The coefficients
(2.03 and 1.53) in Equation (2) were originally derived from coastal calibration in the Seto
Inland Sea. Preliminary testing in the Mekong indicates that these parameters yield reason-
able but slightly underestimated SDD values under high turbidity. Future work will include
SDD-reflectance measurements in the Mekong to locally recalibrate these coefficients for
improved model transferability.
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2.3. Bottom Index (BI) for Algal-Bed Mapping

To estimate algal bed distribution while accounting for water depth, we adopt the BI.

2.3.1. BI Explanation

In shallow waters, the water-leaving reflectance depends on bottom albedo, depth,
and water-column attenuation. Following Lyzenga’s depth-invariant theory, combining
two bands in logarithmic form cancels the explicit depth term, and the slope of the resulting
relation corresponds to the attenuation-coefficient ratio between the bands [8], with subse-
quent applications to joint mapping of substrates and water quality in optically complex
waters [9].

We denote Sentinel-2 Level-2A surface reflectance of band i by R; (bands are resampled
to a common grid before any log/ratio operation), and the deep-water mean by m
R geep denotes the 5 x 5-pixel mean reflectance for each band, calculated at locations
selected as sufficiently deep. The Bl at pixel x is

BI(x) = In (R,-(x) - m) — kijln (R]-(x) - m) 3)

where kj; is the inter-band attenuation-coefficient ratio and i, j denote Sentinel-2 band
indices (B3 = Green; B4 = Red; B12 = SWIR). Within an empirically set range, higher
BI values indicate vegetation-like bottoms, whereas lower values suggest sand or non-
vegetated substrate. In practice we evaluate Bl only within NDWI-detected water.

2.3.2. Deriving the Attenuation-Coefficient Ratio k;;

To derive the inter-band attenuation-coefficient ratio k;j, we employ a shallow and
nearby deep-water contrast approach and perform the regression in logarithmic space; that
is, we take the natural logarithms of the band-wise contrasts and estimate k;; as the slope
of the linear relationship between In AR; and In AR; as in coastal applications by Katsube
et al. The procedure for deriving k;; is as follows.

1.  Shallow-sand sampling. Identify 20 locations that are shallow and sandy; extract
3 x 3-pixel means for each band and compute their mean values.

2. Deep-water sampling. Identify locations that are sufficiently deep; extract 5 x 5-pixel
means for each band.

3. Band-wise contrasts. For each corresponding band, compute the contrast as

AR; = Ri,shallow - Ri,deep'
4. Log-log regression. Regress In AR; on In AR; the slope of this linear relationship is
the attenuation coefficient ratio kij.

With k;; thus obtained, substitute it into Equation (3) to evaluate the Bl and infer bottom
type. Practical notes.

2.4. Proposed Work Flow: Transparency-Aware Bottom Index Mapping

This section presents a complete, reproducible workflow to map algal bed distribution
while accounting for water depth and water-column variability. The method integrates
a ratio-based transparency (SDD) estimator (Equation (2)) with a depth-invariant BI for-
mulation (Equation (3)) under a single processing pipeline on GEE. The SDD map is used
both to stabilize the depth-correction parameters and to constrain Bl evaluation to optically
plausible water, enabling robust application in turbid, seasonally variable riverine settings.

1.  Input and pre-processing. Sentinel-2 scenes are acquired and filtered for clouds. All
bands required for SDD and BI are resampled to a common spatial resolution, and
computations are confined to NDWI-detected water to exclude land and mixed pixels.
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2. Transparency mapping. A simple ratio-based statistical model using selected bands
(Green, Red, SWIR) produces a wall-to-wall SDD map over water consistent with
prior clarity-focused satellite approaches [13].

3.  Construction and pairing of reference sets. Shallow sandy references (20 locations
using 3 x 3-pixel means) and nearby deep-water references (using 5 x 5-pixel means)
are identified for each scene. Each shallow reference is paired with deep water
exhibiting similar SDD to form stable shallow—-deep contrasts under variable turbidity.

4. Derivation of the attenuation-coefficient ratio. For each band i, the contrast

AR; = Rjshatiow — Rideep is computed. A log-log regression of In AR; on In AR; yields
the slope k;;, interpreted as the inter band attenuation-coefficient ratio.

5. Bottom Index mapping. Using the estimated k;; and deep-water means, Bl is evaluated
for water pixels.

6. Transparency-aware Masking. Constrain BI to pixels that fall in the ‘Red” SDD color
bin, which—under our visualization scheme (0.5-5.5 m split into five equal-width
bins with upper-end clamping)—corresponds to SDD 2 4.5 m (values > 5.5 m are
rounded/clamped into the red bin). This mask is identical to the red areas shown in
the SDD layer.

7. Visualization. Generate a Bl color map to show the algal bed distribution.

To increase the reliability of the results, we compute BI only within high-transparency
water identified by the ‘Red” SDD color bin under our visualization scheme (0.5-5.5 m split
into five equal-width bins with upper-end clamping), i.e., SDD 2> 4.5 m (values > 5.5 m are
also clamped into red). Restricting BI to these pixels minimizes water-column attenuation
and turbidity-driven variability, yielding more stable bottom-contrast estimates than run-
ning Bl over all water. Shallow—deep pairing and the attenuation ratio k3 are still estimated
locally to reflect scene-specific optics, and the full sequence—NDWI masking SDD mapping
ky3 estimation — Bl evaluation — red-bin masking—is implemented end-to-end on GEE,
ensuring consistent and reproducible reprocessing across sites and dates.

3. Results and Discussion
3.1. Coastal Validation near Yuge Island (Japan)

Comparison of the estimation results of our method with actual seabed conditions
confirms the validity of the proposed method. This experiment was conducted on
4 December 2024. The closest satellite imagery on the day of the experiment was taken
on 8 December, and the imagery was used to estimate the algal beds. The results of the
estimation and mapping of the results are shown in Figure 1. Figure 1 (1) shows the SDD
estimation results. In the figure, red indicates higher transparency, while blue indicates
lower transparency. In Figure 1 (2), the closer the mapping color is to red, the more likely
it is that algal beds are present. For points 1-6 shown in Figure 1 (1), the seabed was
photographed and compared with the estimated results. The results of the imaging of each
point on the seabed are shown in Figure 2. Comparisons between the estimated and actual
results are shown in Table 2. In site 2, the estimated SDD reached an abnormally high value
of 30,917,450.48 m with BI = 1.70, clearly indicating a noise-induced artifact. Site 3 also
showed a high BI (1.74) and SDD (5.42 m) despite a sandy substrate, implying misclassifi-
cation due to local reflectance anomalies. Conversely, site 6, which was an actual algal bed,
yielded SDD = 5.27 m and BI = 0.08, falling below the BI threshold and thus being missed.
These discrepancies suggest that excessive reflectance or atmospheric contamination may
cause overestimation of BI, while low-contrast seabed reflectance can suppress BI values.
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1) 2
Figure 1. Estimated results of SDD and algal beds near Yuge Island. (1) The estimated SDD results
and indicates the survey locations on the seafloor (1)-(6); (2) the estimated results for algal beds. The

white boxes indicate survey locations. The threshold for algal-bed classification corresponded to
BI ~ 1.0 or higher and SDD > 4.5 m (red range).

(@) ) ®

Figure 2. Photography results of the seabed survey. The points at which the seabed was photographed

are shown in (1)—(6).

Table 2. Seabed Survey Results. Estimation results red as algal beds and all other results as sandy
beds. Photography results are visually determined to be algal beds or sandy beds.

Location Estimated Results Photography Results
1) Sandy bed Sandy bed
2) Algal bed Sandy bed
3) Algal bed Sandy bed
(4) Sandy bed Sandy bed
5) Sandy bed Sandy bed
(6) Sandy bed Algal bed

The four-day offset between the field survey (4 December 2024) and Sentinel-2 imagery
(8 December 2024) may have introduced small discrepancies in SDD due to tidal and
atmospheric variability. Nevertheless, spatial correspondence between measured and
mapped transparency was consistent, suggesting minimal impact.

3.2. Mekong River near Nakhon Phanom (Thailand)

Using the clicked center on the Mekong River, we computed annual time series of
SDD and Bl as 3 x 3-pixel neighborhood means (10 m for BI, 20 m for SDD). The monthly
statistics derived from all valid Sentinel-2 scenes per month are summarized in Figure 3.
Because cloud cover and data quality filters (NDWI > 0 and cloud probability < 20%)
yielded different numbers of valid scenes across months, we report monthly means based
on the available observations rather than fixed sample sizes.
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Figure 3. Monthly means of SDD (20 m) and BI (3 x 3-pixel neighborhood at 10 m) at the Mekong
site (17.2760° N, 104.8010° E) for 2024; bars show the number of valid scenes.

Figure 4 illustrates February as a representative low-transparency month: SDD is
consistently small, and the transparency mask therefore limits BI evaluation to very few
water pixels. As a result, the mapped algal bed candidates are sparse or absent in February.

§
>

Figure 4. February example at the Mekong site: (1) SDD map; (2) Bl results restricted to the high-

@

transparency (red-bin) mask. The SDD color scale covers 0.5 — 5.5 m and the BI scale ranges from
—2to+2.

Across the year, SDD varies in phase with Thailand’s rainy/dry seasons, but typically
remains below ~3 m at the study point. Under such conditions the optical water column
is not sufficiently clear to support robust bottom-reflectance retrievals. Consequently, BI
values at this site generally stay below empirically useful ranges for algal bed detection,
and no month shows a sustained period indicative of likely algal bed presence.

Because our transparency model (Equation (2)) was parameterized from Seto In-
land Sea experiments and not locally recalibrated, the SDD estimates—and thus the BI
masking—should be regarded as initial. Field measurements in the Mekong are needed both
to recalibrate Equation (2) and to validate Bl-based habitat mapping; until then, the Bl results
should be treated as low-confidence under the prevailing low-transparency conditions.

3.3. Discussion

Our results demonstrate that transparency-aware Bl is feasible on GEE but its appli-
cability is limited when SDD < 3 m. Future work should include in situ calibration of
Equation (2) parameters for Mekong waters to improve SDD accuracy. Testing alternative
band pairs (e.g., B2-B4, B3-B8) may enhance robustness under high-turbidity conditions.
Compared with single-indicator approaches, our method significantly reduces false pos-
itives by gating BI to high-transparency pixels, a strategy not widely applied in riverine
algal-bed mapping.

4. Conclusions

We presented a GEE-based Sentinel-2 workflow linking SDD and a transparency-
aware Bl. Coastal experiments validated the feasibility of the proposed workflow, while its
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application to the Mekong demonstrated that persistently low SDD substantially constrains
the reliable estimation and mapping of algal beds.

Future research will focus on collecting in situ SDD-reflectance pairs in the Mekong to
calibrate Equation (2) and conducting additional seabed surveys at Yuge Island to improve
validation coverage.
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