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Abstract: Riverine water turbidity is a key indicator of water quality, influencing light penetration, 

primary productivity, and the transport of sediments and pollutants, factors that directly affect aquatic 

ecosystems, public health, and water resource management. Given the dynamic nature of river systems, 

there is a growing need for accurate and timely methods to monitor turbidity over broad spatial and 

temporal scales. This study explores the potential of multi-mission satellite remote sensing for 

spatiotemporal retrieval of turbidity in the Chao Phraya River, a major waterway in Thailand that flows 

into the Gulf of Thailand. The research integrates multispectral data from Sentinel-2 (A and B), 

Landsat-8 and Landsat-9, and hyperspectral imagery from the EMIT mission by NASA. In-situ turbidity 

data from the Metropolitan Waterworks Authority (MWA) were used for algorithm development and 

validation. Atmospheric correction and sunglint removal were performed using the Dark Spectrum 

Fitting (DSF) algorithm in the ACOLITE software, chosen for its proven accuracy over inland and 

turbid waters. Surface reflectance in the red band was analyzed using a piecewise semi-empirical model 

employing polynomial and linear regression techniques. Validation against in-situ data showed strong 

agreement (R2 = 0.901, RMSE = 5.75 NTU, MAE = 4.68 NTU), demonstrating the effectiveness of the 

retrieval approach. The results reveal distinct spatiotemporal turbidity patterns along the river 

throughout 2024. This study confirms the robustness of multi-mission satellite remote sensing for 

turbidity monitoring and offers valuable insights for water quality management. The findings support 

informed decision-making for environmental protection and sustainable development, particularly 

given the influence of the river on the coastal ecosystems of the Gulf of Thailand. 
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Introduction 

Turbidity is a crucial water quality parameter and serves as a proxy for the clarity of water 

(Borok, 2014). Its primary effect is the attenuation of light, which subsequently limits 

photosynthetic activity and phytoplankton productivity (Fisher et al., 1987; Bilotta and 

Brazier, 2008). Turbidity is influenced by a combination of factors, including suspended 

inorganic matter, fine detrital particles, and phytoplankton (Yuan, 2021). High river water 

turbidity frequently occurs after heavy rainfall, runoff events, and flooding (Marina et al., 

2020). Elevated turbidity in water bodies impairs light transmission and reduces dissolved 

oxygen levels, which in turn adversely affects aquatic plants and animals (Güttler et al., 
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2013). This condition also facilitates the transport of sediments and pollutants, directly 

impacting aquatic ecosystems, public health, and water resource management. 

The Chao Phraya River is a major and vital waterway in Thailand, with its water being used 

for various activities, including consumption, agriculture, industry, and maintaining 

downstream ecosystems. Water quality in the river is a significant issue, primarily due to 

wastewater discharge from communities, agriculture, and industrial factories (Hydro and 

Agro Informatics Institute, 2012). The impacts on the downstream estuary align with the 

findings of Suwanlertcharoen et al. (2024), which demonstrated high nearshore turbidity. 

Therefore, continuous monitoring of water quality, particularly turbidity, is crucial for 

managing raw water sources used in tap water production. Monitoring the quality of raw 

water sources before they enter treatment systems, as well as the downstream areas affected 

by the transport of freshwater and sediment in the river, is essential. Comprehensive 

monitoring and early warning systems, spanning from upstream to the sea, are essential for 

effective water quality management and for protecting activities like coastal and marine 

aquaculture. 

Conventional approaches to water quality monitoring, such as manual field observations 

and permanent monitoring stations, are often labor-intensive, costly, and limited in their 

ability to capture comprehensive information. Conventional field-based observations are 

often irregular in their timing, while permanent stations, though providing more frequent 

data, are spatially limited. As a result, relying solely on these techniques can lead to a 

narrow or discontinuous understanding of ecological phenomena over time (Estes et al., 

2018). Current remote sensing methods provide the capability to evaluate and monitor water 

quality indicators, such as suspended sediments, turbidity, chlorophyll-a, and water 

temperature. These data are crucial for assessing changes in water quality parameters and 

supporting improved water quality management (Ritchie, Zimba, and Everitt, 2003). 

Additionally, turbidity can be estimated from remote sensing data based on its optical 

properties, allowing for extensive spatial and temporal monitoring relative to conventional 

measurement methods (Shen and Feng, 2018). The use of this method provides a more 

efficient way to collect data, as it reduces labor and provides current information (Acharya 

et al., 2018). However, remote sensing imagery is now instrumental in filling both spatial 

and temporal data gaps, effectively mitigating the limitations of conventional field surveys 

(Topp et al., 2020). The integration of remote sensing technologies, such as the Sentinel-2 

MSI and Landsat 8/9 OLI sensors, has significantly enhanced the ability to retrieve water 

quality data from smaller water bodies like lakes and rivers. These advancements are 
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attributed to the sensors' finer spatial (∼10–30 m), radiometric, and temporal (5–8 days) 

resolutions (Cao and Tzortziou 2021; Kuhn et al. 2019; Topp et al. 2020). Recently, The 

Earth Surface Mineral Dust Source Investigation (EMIT) sensor is a hyperspectral electro-

optical instrument which measures the 380–2500 nm range and approximately 60 m ground 

sampling. EMIT is deployed on the International Space Station and has been operational 

since July 2022 (Thompson et al., 2024; Shrestha et al., 2024). Several regional studies have 

used satellite remote sensing to estimate water quality with both semi-analytic (Dogliotti et 

al., 2015; Liu et al., 2019) and semi-empirical models (Elhag et al., 2019; Vanhellemont, 

2019b; Luo et al., 2020; Powers et al., 2023; Kolli and Chinnasamy, 2024). In Thailand, 

there have also been studies using satellite remote sensing to estimate turbidity in the Chao 

Phraya River (Suwanlertcharoen et al., 2020; Pimwiset et al., 2022; Virdis et al., 2022). 

Atmospheric correction is a critical step in remote sensing, as atmospheric effects 

significantly reduce the quality of satellite imagery and complicates the accurate analysis 

of water bodies (Xu et al., 2020). The atmospheric path-radiance in the visible spectrum can 

be 80–90% higher than the water-leaving radiance, making atmospheric effects a dominant 

factor in the satellite signal (Gordon, 1985; Warren et al., 2019). Essentially, atmospheric 

correction methods work by removing atmospheric contributions, such as sunglint and 

aerosol scattering, from the top-of-atmosphere (TOA) signal (Richter, 1990). Therefore, it 

is essential to evaluate different atmospheric correction algorithms to improve the accuracy 

of water quality data retrieval in inland water bodies. Several Several widely accessible 

atmospheric correction methods exist, including ACOLITE, C2RCC, iCOR, l2gen, 

Polymer, and Sen2Cor. Among these, the ACOLITE algorithm is particularly effective for 

eutrophic water bodies, as it estimates atmospheric transmittance and surface reflectance by 

identifying dark pixels in the imagery (Luo et al., 2020; Ulfa et al., 2020; Vanhellemont and 

Ruddick, 2018; Vanhellemont, 2019a; Vanhellemont, 2020). The ACOLITE algorithm has 

proven to be highly successful in a wide range of turbid waters (Pahlevan et al., 2021) and 

has demonstrated its effectiveness in long-term studies in the river estuary (Wu et al., 2023). 

Given the dynamic nature of river systems, there is a growing need for accurate and timely 

methods to monitor turbidity over broad spatial and temporal scales. Multi-mission 

satellites with multispectral and hyperspectral sensors offer opportunities to enhance the 

accuracy and frequency of turbidity monitoring. This study explores the potential of multi-

mission satellite remote sensing for spatiotemporal turbidity retrieval during year 2024 in 

the Chao Phraya River, a major waterway in Thailand that flows into the Gulf of Thailand. 

The research integrates multispectral datasets from Sentinel-2A and Sentinel-2B, Landsat-
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8 and Landsat-9, and hyperspectral imagery from the EMIT mission by NASA. In-situ 

turbidity data from the Metropolitan Waterworks Authority (MWA) were used for 

algorithm development and validation. Atmospheric correction and sunglint removal were 

performed using the Dark Spectrum Fitting (DSF) algorithm implemented ACOLITE 

software, chosen for its proven accuracy over inland and turbid waters. 

 

Methodology 

1. Study Area 

The Chao Phraya River is a major and vital waterway in Thailand, originating from the 

confluence of the Ping and Nan rivers in Nakhon Sawan Province. It flows south through 

the Central Plains and eventually drains into the Gulf of Thailand, and it is one of the 

country's most significant rivers (Hydro and Agro Informatics Institute, 2012). The region 

is characterized by a tropical monsoon climate, with the river exhibiting seasonal 

fluctuations marked by low flows from January to May and peak discharges between 

September and November (Bidorn et al., 2021). This study focuses on the section of the 

Chao Phraya River that flows through Bang Pa-in and Bang Sai districts in Phra Nakhon Si 

Ayutthaya Province, as well as Pathum Thani, Nonthaburi, Bangkok, and Samut Prakan 

provinces, extending to the river mouth as illustrated in Figure 1. 

 

Figure 1: Study area and locations of the MWA automated water quality monitoring 

stations on the Chao Phraya River. 
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2. Data Used 

2.1 Satellite Imagery 

This study utilized satellite remote sensing datasets from 2024, including imagery from 

Landsat-8 and Landsat-9 OLI, Sentinel-2A and 2B MSI, and EMIT missions. The Sentinel-

2 constellation, comprising two polar-orbiting satellites (2A and 2B), is equipped with the 

Multi-Spectral Instrument (MSI), which captures data across 13 spectral bands spanning 

the visible, near-infrared, and short-wave infrared regions. The MSI provides spatial 

resolutions of 10 m, 20 m, and 60 m depending on the spectral band. Sentinel-2 data were 

obtained as Level-1C products from the Copernicus Data Space Ecosystem 

(https://browser.dataspace.copernicus.eu/). Each image scene covers a swath width of 290 

km, with the two satellites providing a combined revisit interval of five days. Landsat-8 and 

Landsat-9 Operational Land Imager (OLI) data, offering a spatial resolution of 30 m, were 

obtained as Level-1 terrain-corrected products (L1TP) from the U.S. Geological Survey 

(USGS) Earth Explorer platform. These satellites measure in 11 bands, consisting of a 

coastal aerosol band (430-450 nm), nine visible to shortwave infrared bands (450-2,300 

nm), and two thermal bands for the Thermal Infrared Sensor (TIRS) (10,600-12,500 nm). 

The combined revisiting period for these two satellites is 8 days. NASA's EMIT mission 

provides hyperspectral imagery, which means it captures data in hundreds of narrow, 

continuous spectral bands. The EMIT sensor collects data across the visible to shortwave 

infrared range, specifically from 400 to 2,500 nm, allowing for detailed spectral analysis. 

For this study, EMIT data collected from January 2023 to April 2025 were used to ensure 

sufficient information for algorithm development, specifically Level-1B products with a 60 

m spatial resolution. 

 

2.2 In-situ Turbidity Data 

In-situ turbidity data, measured in Nephelometric Turbidity Units (NTU) and recorded in 

real-time every 10 minutes, was collected from the MWA automatic water quality 

monitoring stations on the Chao Phraya River. The data was accessed from MWA’s 

automated water quality monitoring platform, http://rwc.mwa.co.th/page/graph/. For this 

study, data was selected from four stations—Wat Ban Paeng, Wat Pai Lom, Wat Makham, 

and Phra Nangklao Bridge—which are located sequentially from upstream to downstream, 

as shown in Figure 1. These stations were chosen for the completeness and continuity of 

their data, which covered the year 2024 and corresponded to the satellite imagery used in 

this study. This in-situ data was used to develop algorithms for estimating water turbidity 
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from each satellite image and to compare the differences between the actual measured 

values and the turbidity values derived from the satellite imagery. 

 

3. Methods 

The methodological framework and processing workflow adopted in this study are 

illustrated in Figure 2. Pre-processing of satellite imagery, followed by image analysis for 

spatiotemporal turbidity assessment, was carried out using the Sentinel Application 

Platform (SNAP) and Geographic Information System (GIS) tools. 

 
Figure 2: Workflow of the methodology employed in this study. 

 

3.1 Satellite Data Processing 

3.1.1 Atmospheric Correction and Sunglint Removal 

Atmospheric correction and sunglint removal are crucial steps for converting satellite-

measured radiance values into true surface reflectance, a necessary process for accurate 

water quality analysis (Vanhellemont and Ruddick, 2014). For this study, satellite image 

pre-processing involved applying the DSF algorithm. DSF, which was developed for 

meterscale resolution sensors, is integrated into the ACOLITE software (Vanhellemont, 

2019a) for atmospheric correction over inland and turbid waters. We used ACOLITE 

software version 20250402.0 to perform atmospheric correction and sunglint removal on 



 

Page | 7  
 

data from the Sentinel-2 (A and B) MSI, Landsat-8 and Landsat-9 OLI, and EMIT missions. 

A subsequent step involved land and cloud masking to isolate surface reflectance 

specifically for water pixels. The process of atmospheric correction in ACOLITE separates 

the TOA signal observed by a satellite sensor into two distinct components: the atmospheric 

signal and the surface signal. This is done to accurately retrieve surface reflectances (ρs), or 

water-leaving radiance reflectances (ρw), which are the surface-level reflectance for water 

pixels. This can also be converted to remote sensing reflectance (Rrs; unit: sr⁻¹) for water 

pixels, where Rrs = ρw / π. In this study, we used ρw to develop an algorithm for turbidity 

retrieval. 

 

3.1.2 Turbidity Retrieval Algorithm Development 

The image processing step involved developing a turbidity retrieval algorithm using a 

match-up dataset. This dataset compared water-leaving radiance reflectances (ρw) from the 

red band of multi-mission satellite imagery with in-situ turbidity data from MWA 

automated water quality stations.  The data were collected at a time near the acquisition of 

the satellite imagery. The red band was selected as the primary variable for turbidity 

analysis due to its strong correlation with the concentration of suspended particles in water. 

This study employed a piecewise semi-empirical model with two segments separated by a 

breakpoint. The model combines polynomial and linear regression techniques to quantify 

turbidity across both low and high ranges, establishing the relationship between red band 

reflectance and in-situ turbidity data. The piecewise regression model offers flexibility in 

capturing the non-linear relationships often observed in varying turbidity data. 

 

3.1.3 Spatio-temporal Distribution of Turbidity 

Riverine water turbidity was retrieved for each image from the Sentinel-2A and Sentinel-

2B MSI, Landsat-8 and Landsat-9 OLI, and EMIT missions during the year 2024. The 

spatiotemporal distributions of the Chao Phraya River were then analyzed using SNAP and 

Geographic Information System (GIS) software. 

 

3.2 Evaluation of the Turbidity Retrieval Algorithm 

This step included an accuracy assessment where in-situ turbidity data from the MWA 

automated water quality stations were used for both algorithm development and validation. 

For algorithm development, the coefficients of a piecewise semi-empirical model were 

optimized to minimize the the difference between satellite-derived and in-situ turbidity 
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measurements. Validation was performed during algorithm development to assess the 

model's performance. The key performance indicators used were: 

• Coefficient of Determination (R2): Indicates how well the model explains the 

variance in the data. 

• Root Mean Square Error (RMSE): Measures the average magnitude of errors 

between model predictions and in-situ observations. 

• Mean Absolute Error (MAE): Measures the average absolute magnitude of errors 

between model predictions and in-situ observations. 

 

Results and Discussion 

1. Algorithm Development and Performance Assessment for Turbidity Retrieval 

The characteristics of riverine water turbidity were derived from in-situ data recorded in 

real-time every 10 minutes throughout 2024 by MWA automatic water quality monitoring 

stations. These data, as shown in Figure 3, were used for the algorithm's development.

 

Figure 3: Time series of 10-minute in-situ turbidity data from MWA automatic water 

quality monitoring stations on the Chao Phraya River, 2024. 

In this study, a piecewise semi-empirical model was developed to create an algorithm for 

estimating water turbidity from multi-mission satellite remote sensing data. This model 

combines polynomial and linear regression techniques to analyze the relationship between 

water-leaving radiance reflectances (ρw) from various satellite bands and concurrent in-situ 

turbidity data from automated monitoring stations. The turbidity retrieval algorithm was 

developed and validated using the red band wavelengths from Sentinel-2A (665 nm), 

Sentinel-2B (665 nm), Landsat-8 (655 nm), Landsat-9 (654 nm), and EMIT (664 nm) 

because these bands showed the strongest correlation with measured turbidity values. 

Analysis revealed a distinct bimodal behavior in the relationship between red band 

reflectance and in-situ turbidity values. Consequently, a reflectance breakpoint of 0.03 was 
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established to segment the data, enabling accurate turbidity estimation across both low and 

high ranges. The final turbidity retrieval algorithm, based on a total of 194 observations, is 

a piecewise semi-empirical model. It demonstrates a strong relationship between satellite-

derived surface reflectance and in-situ turbidity values. This relationship is depicted in 

Figure 4 and defined by Equations (1) and (2), with specific conditions for the analysis 

applied as follows: 

 

Figure 4: Relationship between satellite-derived water-leaving radiance reflectances (ρw) in the 

red band and in-situ turbidity data. 

 

Turbidity (NTU) = 19,641 ⋅ ρw,red
3 + 1,909.4 ⋅ ρw,red

2 − 17.115 ⋅ ρw,red + 8.5708 ; for ρw,red  ≥ 0.03 (1) 

Turbidity (NTU) = 538.16 ⋅ ρw,red − 7.6841 ; for ρw,red  < 0.03  (2) 

 

where ρw,red is the surface-level reflectance for water pixels in the red band wavelength, 

sourced from multiple satellite missions, including Sentinel-2A (665 nm), Sentinel-2B (665 

nm), Landsat-8 (655 nm), Landsat-9 (654 nm), and EMIT (664 nm). 

The model's two segments are defined by specific reflectance conditions: Equation (1) 

applies when the reflectance value (ρw) is greater than or equal to 0.03 (R2 = 0.917), and 

Equation (2) applies when ρw is less than 0.03 (R2 = 0.714). 

Based on the equation, the method was applied to estimate water turbidity from multi-

mission satellite imagery and in-situ data. A 1:1 scatter plot of the data distribution (Figure 
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5) shows a consistent, positive linear relationship. Validation against in-situ data 

demonstrated strong agreement (R2 = 0.901, RMSE = 5.75 NTU, MAE = 4.68 NTU), 

highlighting the effectiveness of the retrieval approach. The development of this water 

turbidity estimation algorithm is consistent with previous studies. For instance, 

Vanhellemont (2019a, 2019b) and Luo et al. (2020) also analyzed turbidity retrieval using 

semi-empirical models with ACOLITE and DSF in turbid water conditions, finding high 

coefficients of determination. Similarly, Allam et al. (2023) compared atmospheric 

correction algorithms over inland waters, concluding that ACOLITE performed better in 

meso- and hypereutrophic waters. Furthermore, the study by Wang et al. (2024) revealed 

ACOLITE's superior performance in the red band of Sentinel-2 MSI data. This is consistent 

with the findings of the present study, where ACOLITE with DSF was effective for the Chao 

Phraya River. The river has an average turbidity of over 10 NTU throughout most of the 

year, with values potentially exceeding 200 NTU during the flood season. This method 

performs well in relatively turbid water but has a limitation for ρw,red values less than 

approximately 0.03 (below 10 NTU), which may make it less suitable for very clear water. 

For study areas with clear water, such as oceans or lakes with low turbidity, considering 

other atmospheric correction methods might be more appropriate. 

 

Figure 5: Scatter plot of satellite-derived turbidity versus in-situ turbidity data. 
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2. Spatio-temporal Distribution of Turbidity 

The spatio-temporal distribution of turbidity in the Chao Phraya River, as derived from multi-

mission satellite imagery and datasets throughout 2024, was analyzed using Equations 1 and 

2, with the results presented in Figure 6. The turbidity values in the river and at its estuary were 

lower during the dry season (November–April) compared to the flood season (May–October). 

This is because the dry season has a lower rate of water flow and sediment transport, resulting 

in lower turbidity. Conversely, after periods of rainfall, the high rate of water flow and sediment 

transport leads to significantly higher turbidity. 

A detailed analysis of multi-temporal turbidity values from 2024 satellite imagery, captured at 

different sections of the Chao Phraya River near monitoring stations (Figure 7), indicates that 

average turbidity values began to increase in August, peaking in September, which matches the 

river discharge peak of that month. The average turbidity was highest in the section of the river 

near the Wat Ban Paeng Station, followed by the sections near the Wat Pai Lom, Wat Makham, 

and Phra Nangklao Bridge stations, respectively. 

The Chao Phraya River is a crucial source of raw water for the MWA, drawing water at the 

Sam Lae Pumping Station for its water treatment plants. Therefore, monitoring and analyzing 

water turbidity before it enters the treatment system is essential. The satellite-derived turbidity 

analysis in the sections near the Wat Ban Paeng and Wat Pai Lom stations, which are upstream 

of the Sam Lae Pumping Station, provides a valuable spatial overview of the raw water quality 

before it reaches the pumping station at different times of the year. During the flood season, 

water quality problems with high turbidity, often exceeding 100 NTU, are common, whereas 

turbidity is low during the dry season. 

Consequently, multi-temporal monitoring and analysis of water turbidity using satellite 

imagery are crucial. High turbidity in the raw water source, especially during the flood season, 

can lead to increased operational and maintenance costs for water treatment (Borok, 2014). For 

downstream areas, including the estuary of the Chao Phraya River and coastal zones, the water 

quality is vital for maintaining downstream ecosystems and aquaculture. These areas are also 

susceptible to the impact of freshwater and sediment plumes. As water turbidity can determine 

the productivity of a water source, understanding changes in turbidity as the river flows to the 

sea allows for the prediction of affected areas and the timely issuance of warnings to relevant 

agencies or aquaculture operators. Therefore, continuous monitoring and surveillance of multi-

temporal turbidity values are essential for assessing the current status of the water source and 

forecasting potential future impacts, leading to more effective planning and mitigation 

measures for water quality issues that could affect various uses of surface water resources. 
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Figure 6: Spatio-temporal distribution of turbidity derived from multi-mission satellite 

remote sensing imagery and datasets used throughout 2024. 
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Figure 7: Time series analysis of turbidity derived from satellite imagery and in-situ data 

from MWA automatic water quality monitoring stations throughout 2024 at Wat Ban 

Paeng Station (a), Wat Pai Lom Station (b), Wat Makham Station (c), and Phra Nangklao 

Bridge Station (d). 

 

4. Conclusion and Recommendation  

This study successfully demonstrated the effectiveness of using multi-mission satellite 

remote sensing to retrieve and monitor riverine water turbidity in the Chao Phraya River, 

Thailand, for the year 2024. The integration of multispectral data from Sentinel-2 (A and 
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B), Landsat-8 and Landsat-9, and hyperspectral imagery from the EMIT mission, provided 

a robust approach for spatiotemporal turbidity retrieval. 

A key aspect of this research was use of the DSF algorithm within the ACOLITE software 

for atmospheric correction and sunglint removal. This method proved to be highly accurate 

for the turbid waters of the Chao Phraya River, as evidenced by a strong validation against 

in-situ data from MWA automatic water quality monitoring stations (R² = 0.901, RMSE = 

5.75 NTU, MAE = 4.68 NTU). The developed piecewise semi-empirical model, which uses 

a combination of polynomial and linear regression based on surface reflectance in the red 

band, effectively captured the relationship between satellite data and in-situ turbidity across 

different ranges. 

The analysis of the retrieved turbidity data revealed distinct spatiotemporal patterns along 

the river, with lower values during the dry season and significantly higher values during the 

flood season, peaking in September. The findings confirm that satellite remote sensing is a 

valuable tool for continuous, broad-scale monitoring of water quality, overcoming the 

spatial and temporal limitations of traditional, labor-intensive methods. It also supports 

informed decision-making for environmental protection and sustainable development, given 

the river’s influence on the coastal ecosystems of the Gulf of Thailand. For future 

study, it is recommended to expand monitoring to the entire river basin to better understand 

spatio-temporal patterns. It is also recommended to explore alternative methods, such as 

semi-analytic or machine learning models, and to evaluate different atmospheric correction 

methods for use in clearer water bodies with low turbidity, such as lakes or oceans. 
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