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Turbidity is a standard water quality parameter that indicates its optical property
in scattering light along the column containing suspended particles. The satellite
imagery information of Sentinel-2 and the Chao Phraya River turbidity data from
December 2016 to February 2021 was applied to develop a mathematical
equation for turbidity determination. This practical and straightforward approach
eliminates some constraints of traditional laboratory analysis, which is labour-
intensive and time-consuming in monitoring the entire river. Four studied steps
were implemented: data pre-processing, correlating analysis of numerical
turbidity and satellite image reflectance, developing the mathematic equations
for turbidity estimation, and its validation of use. Four different bands (B2, B3,
B4, and B8) and three selection methods were investigated; single-band,
combination band, and ratio band. The obtained results depicted that the
reflectance of B4 in the single-band process promoted the highest correlation
with turbidity compared to the others. The reflectance in visible wavelengths
increased when the turbidity of river water increased, particularly B4. The
mathematical power equation was a more suitable function for evaluating
turbidity than linear regression, quadratic, and exponential functions. A similar
concentration was obtained for measured and estimated turbidity in the
validation. This finding demonstrated the potential application of remotely
sensed data to estimate river water turbidity with high capability and accuracy
that adequately supports spatial data continuity acquisition.

1. INTRODUCTION

The Chao Phraya River is the main river of
Thailand that begins in the North and flows through
the central provinces, including Phra Nakhon Si
Ayutthaya, Pathum Thani, Nonthaburi, and Bangkok,
and exits into the Gulf of Thailand at Samut Prakan.
The river is an essential resource of raw water for
various usages along its waterways; water for daily
consumption, industrial processes, livestock farming,
and conserving ecosystems downstream. The quality
of the Chao Phraya River’s water is reflected in its
relative contamination and proportion that affects
sequentially human health and aquatic life involved
(Sillberg et al., 2021). Therefore, the entire monitoring
of river water quality is essential in developing its

usage efficiently and cost-effectively delivering to
end-users.

A standard water parameter that reflects its
optical quality and is commonly used in water supply
processes is turbidity. This parameter can easily be
visualized for the initial assessment. The turbidity is
the light scattering and absorbing property of water
when containing suspended solids and colloidal
matters, i.e., clay, silt, planktons, and other organisms
(Mulliss et al., 1996). The high turbidity of river water
is often found after heavy rain, run-off water and
flooding (Marina et al., 2020). This high turbidity in
water resources limits light transmission and dissolved
oxygen, impacting consequently aquatic plants and
animals (Guttler et al., 2013). Turbidity also affects
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water supply systems by increasing the use of
chemical agents and the amount of sludge generated.
This contamination increases costs due to a higher
concentration of suspended solids in raw water (Gikas
and Tchobanoglous, 2009). Monitoring and evaluating
turbidity are essential to perform regularly or map the
waterway entirely (Alvado et al., 2021). However, the
turbidity concentration is assessed experimentally
using the traditional gravimetric method (Pavelsky
and Smith, 2009). This chemical and indirect
measurement method is helpful for point or spot
information, but several aspects such as time-
consumed, skilled-labour need, and cost must be
considered when river water quality measurements
encompass the entire distribution over a specified time
(Giardino et al., 2001).

In recent years, a remote sensing data-based
application is considered a beneficial method that
provides significant syntrophic coverage to
comprehensive information that can be applied
practically to water quality monitoring. It offers direct
contactless survey data from aerial and satellite
images to estimate the turbidity and is used in many
applications, i.e., water usage planning, water quality
tracking, and situation assessment (Yunus et al.,
2020). Remote sensing technology is an alternative
method to assess the turbidity that increases the
efficiency of measuring and assessing water quality
along a river from gathering a wide range of data. This
method reduces time and human resources for data
collection with up-to-date information provided
(Acharya et al., 2018). Several studies used remote
sensing-based imagery to develop mathematical
equations for water quality prediction. Various linear
and nonlinear regression equations have been applied
(Elhag et al., 2019; Li et al., 2020). This study applied
remotely sensed multispectral satellite image
reflection to develop a mathematical equation for
estimating turbidity in the lower part of the Chao
Phraya River. Four different mathematic functions and
three expression processes of Sentinel-2 satellite
imagery were systematically studied.

2. METHODOLOGY

The  mathematical equation for the
determination of water turbidity was developed based
on the surface reflectance of remote sensing data.
Satellite images were studied to determine their
correlation to the experimental turbidity data set of the
Cho Phraya River. Processes were implemented in
four steps; (1) pre-processing of satellite image and
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numerical data, (2) analysis of the relationship
between turbidity data and satellite image data, (3)
developing mathematical equations for estimation of
turbidity in the river, and (4) validating the obtained
equations for estimation of turbidity entirely for the
river. In Figure 1, the system design method of this
study is summarized.

2.1 Source of data

Two datasets were used as input sources:
satellite image and measured turbidity data. The
satellite image data source was the Sentinel-2 satellite
of the European Space Agency. The Sentinel-2 images
(https://lwww.sentinel-hub.com/) were in wavelengths
between 496.6-835.1 nm, specifically Band 2-Blue
(B2), Band 3-Green (B3), Band 4-Red (B4), and Band
8-NIR (B8). These bands are in the visible and near-
infrared spectrum, and their sensitivity appropriation
to reflect suspended solids causing turbidity of river
water has been reported (Neukermans et al., 2012).
The scattering ability of bands was found relatively
high even in clear, turbid, and chlorophyll-rich water
(Gohin et al., 2020). Specifically, the red region was
reported increase when sediment concentrations in the
water or turbidity increased (Caballeroetal., 2019). In
this study, the used spatial resolution was at 10 meters.
These satellite image data were collected in 29 scenes
from December 2016 to February 2021. The data were
used differently as input data for equation
development and validation, respectively; data from
December 2016 to December 2020 was used for
developing mathematical equations and February
2021 for validating the process. The criteria from
images data collection are specific times and locations.
The selected images were recorded simultaneously as
automatically measured turbidity data strictly, or less
than 10 min differently, when no exact image matched
each paired data.

The turbidity data of the Chao Phraya River was
sourced from the water quality information system
(https://rwater.mnre.go.th/) of the Office of the
Environment Region 1-16, Phase 2; and automatic
water quality measurement stations  (http://
rwc.mwa.co.th/page/home/) from the real-time water
quality monitoring system of the Metropolitan
Waterworks Authority. These measured turbidity data
are automatic measurements from the monitoring
station. There is a cycle of recording data in real-time
every 10 min, following the Pollution Control
Department criterion to measure the water source class
3. The level installation of the water quality sensor at
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Figure 1. System design method of this study

each station is approximately 4-10 m from the bank,
and the depth of the probe from the water surface to
the probe is about 100-150 cm, which is below the low
water level. The locations of the monitoring stations
covered approximately 130 km. Geographical
coordinates of the study area start at the latitude of
14.23775N, the longitude of 100.57571E, and the end
coordinates of the section at the latitude of 13.54403N
the longitude of 100.58935E. These monitoring
stations are located at the river’s width between 200-
500 m. The turbidity data focused on automatic
sampling installed stations at only eight stations along
the lower part of Chao Phraya River, namely Saphan
Krungthep; Wat Chankapo; Samlae Pathum Thani;
Samut Prakan; Wat Pho Taeng Nuea, Phra Nangklao
Bridge; Wat Ban Paeng; Wat Makham station.
Collected data for correlation analysis were
coordinates, location, date, and time of turbidity
measurement and pictorial information recorded at the
nearest time. Therefore, 45 data sets were obtained.
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The location of each water monitoring station is shown
in Figure 2.

2.2 Pre-processing of satellite image and numerical
data

The collected turbidity data and satellite imagery
were pre-processed to correct their aberrations and
eliminate incompletion and noise. There are two steps
of data correction in their format, type and location
between the satellite image and turbidity data.

Step 1. Fixing the turbidity data from the two
data sources, numeric and imagery, into the same
numeric data format. Then, showing the spatial data in
the form of coordinates from the riverbank to the water
quality sensor probe of the eight automatic water
quality monitoring stations in the form of Point data.
Moreover, set as the representative position of the water
quality monitoring station to extract the reflection value
in the pixel of the satellite image data to obtain data
from both data sets at the same coordinate position.
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Figure 2. The study area and water quality monitoring stations of the Chao Phraya River

Step 2. Importing and correcting the satellite
image data from Sentinel-2. This second step selected
the paths and rows of satellite images to cover the
study area and corrected aberrations due to
atmospheric error correction using the Plugin Sen2Cor
Processor of Sentinel Application Platform (Louis et
al.,, 2019; Raiyani et al.,, 2021). Therefore, the
corrected data for atmospheric error were used to
analyze reflection values in multiple and single
wavelengths. Then, the geographical coordinate
system was corrected to define the surface water. The
calculation of the reflectance value of the satellite
image was conducted using three mathematical
methods comparatively: Singer-band analysis, which
analyzes only the reflectance values of each
wavelength individually as shown as Equation (1).
The multiple-band analysis was a combination method
using multi-wavelength reflectance of different bands
for calculation. This combination of bands is
correlated well with in-situ measurements of different
water quality conditions; total suspended matter,
inorganic fraction, and an organic fraction (Toming et
al., 2016). The additional function was applied to
calculate the reflectance values from single and
combined wavelengths, as shown in Equation (2). The
last processing function was a multiple-band analysis.
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This method used the ratio of the specific band with
specific wavelength reflections to calculate the
reflection value by permutation between wavelengths.
Therefore, the noises such as irradiance, atmospheric,
and air-water surface influences in the remotely
sensed signal can be minimized (Aisabokhae and
Oresajo, 2018; Twumasi et al., 2019), as shown in
Equation (3).

The concentration of suspended particulate
matter influenced mainly the reflectance of a water
body and the magnitude of the backscattering, which
directly affects each band’s reflectance ability
(Wernand et al., 2013). Therefore, in the study, various
types of reflectivity must be considered. The
computational results obtained from all three methods
were used to select the band processing method
promoting the best correlation of imagery reflectance
and turbidity data.

Rrs (A)i (1)
Rrs O\)i + Rrs O\)i—}" vt Rrs (A)i (2)
Rrs 0\)1 / Rrs O\)l (3)

Where; Ris(1)iis the wavelength of band n; n is
the number of bands.
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2.3 Correlation analysis of turbidity and satellite
image data

The statistical technique was adopted in this
study. An analysis via Pearson correlation coefficient
was applied to perform the relative strength of
correlation between measured turbidity data and
satellite image data reflectance values prior to building
a regression model (Li et al., 2020; Shi et al., 2018).
Pearson’s correlation analysis had been applied
variously to examine correlation patterns between two
variables. There is a tendency of correlation patterns
in linear regression (Chen et al., 2020; Jayaweera and
Aziz, 2018), as shown in Equation (4). The correlation
coefficient was depicted as an R-value, which
indicated low when it approached -1 and high when a
value was closed to 1.

Y X;Y;-nXY

= (4)

[Z X|2 —n)_(z] [Z Yiz —n?]

Where; X is a turbidity value in units of NTU;
Y is the reflected satellite image data; i is the number
of measurements 1, 2, 3,..., n.

2.4 Mathematical
turbidity estimation
The results from process 2.3 were applied to
develop the mathematical equations to estimate the
river water turbidity. The regression analysis was
implemented for linear, quadratic, power, and
exponential equations, as described in Equations (5)-
(8). To investigate the most suitable mathematical
equation, the 95% confidence level was determined
with the coefficient of determination (R?) in a better fit
condition, and a higher value was obtained.

equations development for

Y, =AxR;) +B (5)

Y, =A xR (A)%+ B xR (1) +C (6)
Y;=AxR)" )

Y, = Aeb* R 8

Where; A, B, and C are constant values of
variables in each equation; Ris(}) is the reflected data
of the satellite image; eBis an exponential function; A
is the wavelength of band 4; Y1, Y2, Y3 and Yasare the
estimated turbidity value from the linear regression
equation, quadratic equation, power equation, and
exponential equation.
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The R? value was used to measure the degree of

the relationship between the dependent and
independent variables, as shown in Equation (9).
2 _ [ XY-n)_(\_()2 (9)

N (Z Xz-n)_(z) (Z Yz-n\_(z)

Where; Y is the dependent variable; X is the
independent variable; n is the number of data points

To select the appropriate equation for
estimating the river’s turbidity, the standard error of
the estimation method was applied to the reflectance
value from the satellite image data as described in
Equation (10).

SEE = (10)

Where; SEE is the standard error of an
estimation; Y is the dependent variable from equations
(5), (6), (7), and (8); Y is an approximation of Y
obtained from equations (5), (6), (7), and (8); n is the
number of data points; k is the number of independent
variables

2.5 Validation of obtained equation

The obtained mathematic equation in 2.3 was
validated using satellite image information and
turbidity dataset collected on February 2021 of three
automatic sampling stations of the Chao Phraya River,
namely Wat Ban Paeng station, Samlae Pathum Thani
station, and Samut Prakan station. The equations used
to calculate the reflectance of the wavelengths were
compared with the measurement data.

The validation analysis of the efficiency and
reliability of the equations to estimate turbidity was
determined by the Root Mean Square Error (RMSE),
as described in Equation (11).

i
RMSE = ;Z?:O(error)2

Where; error is the actual result minus the
predicted result; n is the number of data points

In comparison, the results from the calibration
of the turbidity data were obtained from the
measurement, and the turbidity value of calculating by
the reflectance in the wavelength that most closely
related to the turbidity value was plotted in the
Geographic information system (GIS) process, The
Kriging method estimates the distance or direction

(11)
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between each sample point. This plot of reflected
spatial relation can explain changes occurring on the
surface (Ali and Ahmad, 2020).

3. RESULTS AND DISCUSSION
3.1 Pre-processed satellite image and turbidity data
This step of pre-processing satellite images and
automatic collecting turbidity data was conducted to
minimize the discontinuity and noise. The satellite
images were recorded about 3-4 images a month.
Among the studied images, a good quality condition
was selected. For turbidity data, it was collected from
eight automatic measurement stations that were
selected by criterion condition if it had been recorded
at the same date, time, and coordinates of the location
that match the satellite data recording. About 28 sets
of numeric data and satellite images collected from

(@) 100.495° E 525° E 100.555° E
. T MR N 4

TI430°N

100495 E 100.555°

December 2016 to 2020 were studied. To sharpen the
imagery, the satellite image was corrected for
atmospheric discrepancies effect when recording
under atmospheric conditions-comparing the satellite
image data before the aberrated correcting from the
normalizing position. The position used to check the
reflectance after the correction was Wat Pho Taeng
Nuea station (latitude 14.13939N, longitude
100.51654E), which had a lower reflectance value
from the reduction of light scattering conditions. At
this condition, there was now free of aerosol optical
thickness and water vapour that affected the satellite
image data (Fujiwara and Takeuchi, 2020) and had
been reported that was the best condition in reflection
ability of water bodies at the wavelength of 500-700
nm. In Figure 3, an original satellite image corrected
atmospheric condition and spectrum view.
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Figure 3. Top-view of satellite image and spectrum view before (a-b) and after (c-d) atmospheric correction

3.2 Correlation analysis of turbidity and reflection
data of satellite image

In this step, three different conditions for the
spectrum section were investigated for the correlation

analysis to turbidity data. These methods were a single
band, a multispectral method with a combination of
wavelength, and a multispectral method with a
wavelength ratio. The best correlation depicted as
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Person’s coefficient of band method was applied for
the mathematic equation development.

3.2.1 Single-band method

The single band method uses a single
wavelength, like the B2, B3, B4, and B8, in correlation
with the turbidity. The obtained results depicted that
spectrum B4 (central wavelength of 665 nm) was
correlated maximally to turbidity concentration of the
Chao Phraya River water data promoting the highest
coefficient of 0.956. The following correlation was
found for B3, B2, and B8 with correlation coefficients
of 0.807, 0.564, and 0.146, respectively. The
correlation results are provided in Table 1.

Table 1. Correlation of turbidity and satellite image reflection of
single wavelength analysis

Resolution (m) Band (B) Correlation
Pearson correlation
10 B2 0.564"
B3 0.807"
B4 0.956"
B8 0.146™

Remark * Correlation is significant at the 0.01 level (2-tailed).
“ Correlation is significant at the 0.05 level (2-tailed).

There was a significant relationship between the
turbidity values in the water and the satellite image
reflectance data in each wavelength. Band 4 had the
best relationship because its wavelength is in visible
light (red), which technically promoted the highest
resolution image. Thus, better reflection values were
obtained properly related significantly to the turbidity
of water (Soria et al., 2017). Furthermore, this satellite
provides images at 10 m resolution providing more
explicit spatial information enough for relation
analysis (Wang et al., 2016). It was found that the
reflectance in visible light (red) increased
corresponding to sediment or turbidity in the water
increased. This finding was similar to the previous
result (Trinh et al., 2017).

3.2.2 Multiple-band with the combination
method

The second band method using a combined
wavelength for relating reflectance and turbidity data
was investigated. The results from multiple-band
analysis indicated that the combination of band 3 and
4 (B3+B4) provided the best correlation of turbidity
with the highest coefficient of 0.907, followed by
bands 2 and 4 (B2+B4) and then bands 2, 4, and 3

303

(B2+B3+B4) with a correlation coefficient of 0.867
and 0.852, respectively, which shown as Table 2.

Table 2. Correlation of turbidity and satellite image reflection of
combination method

Resolution  Rating Band (B) Correlation
(m) Pearson coefficient”
10 1 B3+B4 0.907

2 B2+B4 0.867

3 B2+B3+B4 0.852

4 B3+B4+B8 0.839

5 B4+B8 0.822

6 B2+B3+B4+B8 0.792

7 B2+B4+B8 0.764

8 B2+B3 0.726

9 B3+B8 0.646

10 B2+B3+B8 0.628

Remark * Correlation is significant at the 0.01 level (2-tailed).

It was found that multiple-band analysis based
on a combination of the wavelength of B3 and B4 can
identify significant relationships for turbidity and the
reflectance data from satellite imagery. Those bands
represent green and red colours, reflecting plant cover
and chlorophyll absorption (Clevers and Gitelson,
2013). It had been reported that the visible region of
the spectrum promoted an excellent correlation of
reflectance and turbidity, mainly when water bodies
contained high concentrations of suspended sediment
particles (Garg et al., 2020). Therefore, when these
two wavelengths were combined, the correlation
coefficient regarding predicting water turbidity was
the highest, similar to Ouma et al. (2020).

3.2.3 Multiple-band with ratio method

The results from multiple-band analysis with
the ratio method indicated that the ratio between band
4 and band 3 (B4/B3) provided the best relationship or
turbidity prediction with the highest correlation
coefficient of 0.884, followed by bands 4 and 2
(B4/B2) and then bands 4 and 8 (B4/B8) with a
correlation coefficient of 0.774 and 0.430, which
shown as Table 3.

Compared to the previous method, it was found
that the single band method of B4 promoted
correlation efficiency of 0.956 (p<0.01), which is
higher than the combination band method (Band 3 and
Band 4; B3+B4) and multiband with ratio method
(B4/B3). The result indicated data distribution model
was a linear and nonlinear correlation between
mathematically calculated reflection values and
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Table 3. Relationship between turbidity and reflection data based
on multiple-band with ratio method

Resolution  Rating Band (B) Correlation
(m) Pearson coefficient
10 1 B4/B3 0.884"

2 B4/B2 0.774

3 B4/B8 0.430"

4 B3/B2 0.373"

5 B3/B8 0.266

6 B2/B8 0.192

7 B8/B2 -0.136

8 B8/B3 -0.184

9 B8/B4 -0.331™

10 B2/B3 -0.367™

Remark * Correlation is significant at the 0.01 level (2-tailed).
** Correlation is significant at the 0.05 level (2-tailed).

turbidity data obtained from the measurement station,
as shown in Figure 4, reflected well in the B4
wavelength, which related significantly to turbidity in
water (Ouma et al., 2018). This reflectance of light
increased when the suspended solid increased,
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particularly in the visible (red) band (Vanhellemont,
2019).

3.3 Development of mathematic equation for
turbidity estimation

To develop a mathematical equation for
estimating river turbidity, B4 was selected as the
analytical variable. This process used 45 datasets
applied to four mathematical equations (linear
regression, quadratic, power, and exponential
mathematical equation). The mathematical power
equation was the most suitable for the assessment of
the turbidity because (1) the equation had a correlation
coefficient (R?) greater than 0.8; (2) the relationship
was significant (p<0.01); (3) the standard error of
estimates was less than for the other equations. The
power equation was also the best for estimating sea-
surface suspended particulate matter concentrations of
the southern North Sea (Eleveld et al., 2008) and for
dispersion analysis of suspended river sediment
concentration (Yao et al., 2020).

(b) Nonlinear regression
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Figure 4. Linear and nonlinear regression plotted of the single-band method (a-b), multiple-band with combination method (c-d), multiple-

band with ratio method (e-f)
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Figure 4. Linear and nonlinear regression plotted of the single-band method (a-b), multiple-band with combination method (c-d), multiple-

band with ratio method (e-f) (cont.)

Linear regression is the most feasible and
straightforward mathematical equation for correlation
analysis, whereas quadratic and exponential equations
use nonlinear regression that may be difficult in
modelling, but nonlinear can explain more variation.
These methods have been used to evaluate water
guality (Quang et al., 2017; Sebastia-Frasquet et al.,
2019). In some cases, the R? value may not reflect a

Table 4. Model summary and parameter estimated

good indicator for the accuracy of the prediction
equation (Dixon, 2020; Gani et al., 2021). In this case,
a standard error is considered a more suitable
proportion (Li and Wong, 2001; Schumacker and
Lomax, 2004). In this study, the standard error value
was applied as a selecting criterion for the most
suitable equation of turbidity estimation. The results
are shown in Table 4.

Dependent variable: Turbidity (NTU)

Equation Model summary Parameter estimates
R? F dfl df2 Sig. Constant bl b2 Std. error of the estimate
Linear 0.913 453.565 1 43 0.00 -11.131 398.952 - 3.387
Quadratic 0.927 267.436 2 42 0.00 -2.961 191.619 1,156.961  3.142
Power 0.823 199.626 1 43 0.00 1,509.984 1.724 - 0.288
Exponential ~ 0.727 114.474 1 43 0.00 3.182 21.173 - 0.358

The independent variable is B4.

From the analysis, the power equation was the
best at the 95% confidence level with an R? coefficient
of 0.823, having a significant relationship (p<0.01)
and a standard error of 0.288, which was lower than
for the other equations. The distribution characteristics
of the data are shown in Equation (12). It was found
that the turbidity values calculated using the Power
equation and the turbidity data from the measurement
station were similarly (p<0.05).

Turbidity (NTU) = 1,509.984 (A)' 7% (12)

Where; A4 is the reflected value from the B4

satellite imagery data from the Sentinel-2 satellite, it
was consistent with the study by Hossain et al. (2021)
using power equations to estimate turbidity in the river
and using Landsat 8 satellite imagery data that had a
high coefficient (R?=0.95) and a significant
correlation (p<0.05). The resulting equation had a high
R? value and a standard error of 0.288, considered a
low value. Comparing the result, the reflectance value
via the Linear equation differed from
(Suwanlertcharoen et al., 2020) a nonlinear (Power
equation) calculation. The power equation could
generate a minor variation of measured and estimated
data properly.

305



Pimwiset W et al. / Environment and Natural Resources Journal 2022; 20(3): 297-309

3.4 Validation of mathematical equations for
estimating river water turbidity

The satellite reflectance data of B4 was used to
validate the mathematical equations for estimating
river turbidity based on the turbidity values from
turbidity stations in the Chao Phraya River obtained
on February 2021, corrected aberrations due to
atmospheric correction using the Plugin Sen2Cor
Processor. This method was also applied for multi-
wave rectification. The turbidity values calculated
from remote sensing imagery compared to the ground

truth data from the three water quality monitoring
stations: Wat Ban Paeng, Samlae Pathum Thani, and
Samut Prakan were the difference in the range 4.03-
4.61 NTU. In detail, Table 5 and Figure 5 shows these
validation results using the RMSE, with the predicted
results being more significant than the data values
from the three stations (4.03, 4.20, and 4.61 NTU,
respectively). Similarly, RMSE was an appropriate
measurement of accuracy that depicted the correlation
between calculated and measured data (Neill and
Hashemi, 2018) differently.

Table 5. Comparison of monitored and estimated turbidity by satellite image reflectance data

Location Geographic coordinates Turbidity (NTU) RMSE
Latitudes Longitudes Field data Equation estimate
Wat Ban Paeng 14.23774 100.57570 16 20.20 4.20
Samlae Pathum Thani 14.04192 100.55500 14 18.61 461
Samut Prakan 13.69576 100.48930 117 15.73 4.03
(a) (b)
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Figure 5. Monitored and estimated turbidity from the obtained equation of the Chao Phraya River at Wat Ban Paeng (a-b), Samlae Pathum

Thani (c-d), and Samut Prakan (e-f) stations

306



Pimwiset W et al. / Environment and Natural Resources Journal 2022; 20(3): 297-309

()

100.556° E 100.568° E
o,

100.586° E
Lo

13.700° N

Turbidity (NTU)
High : 18

M ]

w10

" 100.586°

100.556° E 100.568° E E

A Jn;‘ r ry
100.598° E  100.556° E

®

100.598°E  100.556° E

100.568° E

e

Turbidity (NTU)
High : 18

=%
&

=5
100.598° E

I F "
¢ Low: 10

" 100.586°

100.568° E E

Figure 5. Monitored and estimated turbidity from the obtained equation of the Chao Phraya River at Wat Ban Paeng (a-b), Samlae Pathum

Thani (c-d), and Samut Prakan (e-f) stations (cont.)

In Figure 5, the estimated turbidity using
obtained equation was compared to the monitored
data. It was found that the estimated turbidity of the
Chao Phraya River was approximately 18-21 NTU.
The higher concentration values were found at the
upper part than the river’s end, with about 10-16 NTU
turbidity. This variation consisted of the land use
characteristics around the riverbank differently in the
upper through lower river part from agricultural
activity and riverbank’s physical characteristic, which
promoted higher land deposition by the water current
(Sahavacharin and Likitswat, 2019). The land use
characteristics around the riverbank of the river’s end
were residential land use, commercial land use, and
water transportation use (Ketkeaw, 2019). The flow
characteristic of the water current at the end of the
river decreased (Chauhan and Singh, 2020) from the
decrease of transportation (Tian et al., 2021) and
human activities, which beneficially disturbing less of
suspended pollution in water (Collivignarelli et al.,
2020; Luis et al., 2019). Consequently, the river’s end
turbidity was less than at the beginning and middle of
the river.

From the relationship analysis between the
measured turbidity and the predicted results using the
three methods (single-band method, combination
method, and ratio method), the single-band method
with B4 produced the best relationship, with the
highest correlation coefficient (0.956) as this visible
band (red) is effective at indicating turbidity, as noted
in the previous paragraph (Ehmannetal., 2019). It was
found that the increase of sediment and turbidity levels
in water sources related closely to the increase of
reflectance value in the visible band (red) (Gholizadeh

307

et al., 2016). Miller and McKee (2004) also used the
visible band (red) to evaluate suspended sediment and
turbidity in water sources successfully. The
combination method produced the best relationship
using B3 and B4 in the current study, with the highest
correlation coefficient of 0.907. The ratio method
revealed that the ratio between bands with the highest
relationship value was between B4/B3, with a
correlation coefficient of 0.884. Many studies have
indicated that the ratio between the red and green
visible bands could be used to assess turbidity or
suspended solids (Shen et al., 2017). In the current
study, river turbidity equations developed using the
power equation had an R? value greater than 0.8 and
had the lowest standard error from the four tested
equations. This finding was similar to Baughman et al.
(2015), who used a power equation to estimate
turbidity in lakes and used the reflection value of
image data from the visible band (red).

4, CONCLUSION

Retrieving turbidity of the Chao Phraya River
entirely via remote sensing-based equation was
developed successfully in this study. The application
of reflectance band 4 in visible wavelength was
correlated well with turbidity data of the river. A
power equation was a suitable mathematic function
fitting significantly to this correlation of satellite
image reflected ability and turbidity. This estimation
equation via remotely sensed data significantly
benefits mapping and monitoring entire rivers by
reducing the traditional process’s labour-intensive,
time-consuming, and analysis cost. This practical
determination of water quality parameters was also
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valuable in providing data for planning and decision-
making associated with continuous monitoring of
changes in river water quality.
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