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Total Suspended Solids (TSS) is an important indicator of water quality and sediment
dynamics in river systems. This study compared four published empirical algorithms,
namely Liu, Laili, Budhiman, and Parwati, for estimating TSS using Sentinel-2 Level-
2A imagery in the downstream Krueng Aceh watershed, Indonesia. Field sampling was
conducted at ten observation points on 26 August 2025, and TSS concentrations were
measured using the gravimetric method according to SNI 6989.3:2019. Sentinel-2C
Level-2A imagery acquired on the same date was processed using cloud and cloud-
shadow masking, Normalized Difference Water Index (NDWI)-based water extraction,
and spectral reflectance extraction using a 3 x 3 pixel mean window. The published
algorithms were applied using their original coefficients without recalibration. Leave-
one-out cross-validation (LOOCV) was used to assess performance stability under the
limited sample size. Under LOOCYV, Laili produced the lowest RMSE (1.5163 mg/L) and
MAPE (16.1822%), while Liu produced the highest R? (0.1126). Laili showed an R? of
0.0670, indicating limited predictive ability. Budhiman and Parwati produced negative
R? values of -0.5376 and -0.3084, respectively. Although non-cross-validated results
showed better apparent performance, particularly for Laili, these values should not be
interpreted as robust predictive accuracy. Overall, Laili showed the best relative
performance but limited predictive ability. Larger multi-season datasets and independent
validation are required for reliable operational TSS monitoring.

1. INTRODUCTION

highly sensitive to changes in suspended particle content in

Water quality reflects the condition of a water body and its
suitability for supporting human needs and ecosystem
sustainability. In general, water quality parameters are
grouped into three main categories, namely physical,
chemical, and biological parameters, each of which plays an
important role in assessing the characteristics and ecological
functions of water bodies [1].

TSS is an important parameter that is used to assess water
quality by indicating the concentration of suspended particles.
In the past couple of decades, remote sensing has become a
key tool for comprehensive environmental monitoring. The
use of satellite imagery enables broad spatial observation and
continuous analysis of environmental parameters, which is
particularly important in coastal and estuarine areas. One of
the most widely used remote sensing systems is Sentinel-2.
This satellite provides multispectral data with high spatial
resolution (up to 10 meters in some bands). Sentinel-2 captures
the light spectrum from visible to near-infrared, which is
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water [2].
Human activities along the Krueng Aceh watershed area,
such as agriculture, settlement, and infrastructure

development, have worsened the sedimentation and water
turbidity problem. This reduces water clarity, inhibits light
penetration for photosynthesis by aquatic organisms, and
accelerates river siltation. Downstream areas such as the
Krueng Aceh estuary are vulnerable to flooding and water
quality degradation, especially in areas adjacent to markets
and landfills [3]. Increasing population growth leads to higher
water resource demand, highlighting the importance of water
resource management that considers environmental carrying
capacity [4]. In addition to land-use and urban activities,
wastewater and leachate inputs may also contribute to local
variations in water quality. Previous monitoring at the Blang
Bintang landfill reported a decline in water quality in the
Krueng Uteun Siblah River immediately downstream of the
leachate outfall, with increased BOD, COD, and Fe
concentrations and decreased dissolved oxygen levels [5].
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Remote sensing offers substantial advantages over
traditional monitoring methods, especially due to the synoptic
coverage and temporal consistency of the data, and has the
potential to provide important information about inland
transitional waters and near coastal areas [6]. Satellite remote
sensing technology is widely used to monitor and detect the
dynamic changes in water quality parameters. This approach
offers broad spatial and temporal coverage by utilizing various
satellite sensors operating at visible and infrared wavelengths,
enabling continuous and comprehensive observation of water
conditions [7].

Sentinel-2A is capable of providing continuous and high-
quality data that is highly supportive in providing water quality
information through the Multi Spectral Imager (MSI) sensor.
TSS can be estimated based on algorithms developed by Laili
et al. [8], Budhiman [9], Liu et al. [10], and Parwati and
Purwanto [11] from Sentinel-2A images. Therefore, the
purpose of this study is to compare the accuracy of several
algorithms using Sentinel-2A images with laboratory test
results so that water quality evaluation can be identified
quickly.

Although Sentinel-2 has been widely used for TSS
estimation, the performance of empirical algorithms may vary
among different water bodies because of differences in optical
properties, suspended sediment characteristics, and local
environmental conditions. Therefore, an algorithm developed
and validated in one river, lake, or coastal environment may
not provide similar accuracy when transferred to another
region. In the downstream Krueng Aceh watershed, this issue
is particularly relevant because the water environment is

influenced by riverine processes, sediment transport, and
anthropogenic activities. Therefore, this study compares four
previously developed empirical TSS algorithms, namely Laili,
Liu, Budhiman, and Parwati, using Sentinel-2 Level-2A
imagery and laboratory-measured TSS data. The novelty of
this study lies in evaluating the relative performance, regional
suitability, and transferability of existing algorithms under the
optical conditions of downstream Krueng Aceh, rather than
developing a new TSS retrieval model. Accordingly, this study
aims to identify which existing empirical algorithm provides
the most suitable performance for TSS estimation in the study
area.

2. MATERIAL AND METHODS
2.1 Study area

This research was conducted in the downstream area of the
Krueng Aceh watershed (Figure 1). Primary data collection
included Sentinel-2 Level-2A (surface reflectance) imagery
acquired from the Copernicus Open Access Hub
corresponding to the sampling date (26 August 2025), as well
as surface water sampling at ten observation points distributed
along the downstream Krueng Aceh. Surface water samples
were collected on 26 August 2025 between 09:00 and 11:30
Western Indonesia Time (WIB), while the Sentinel-2C
overpass occurred at 10:45 WIB, based on the metadata of
product S2C_MSIL2A 20250826T034551 NO511_R104 T.
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Figure 1. Area of study

The time difference between field sampling and satellite
image acquisition ranged from 0 to 85 minutes, providing
close temporal correspondence between the in-situ
measurements and satellite observations. The ten sampling
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points were distributed to represent different levels of
anthropogenic pressure, including urban activities, bridge and
transportation areas, surface drainage, settlement areas, and
shipping activities toward the river mouth. This spatial



arrangement was intended to capture spatial variation in TSS
associated with different human pressures along the
downstream river system. Rainfall, river discharge, and tidal
conditions were not directly measured during field sampling
and are therefore recognized as factors that may influence the
temporal representativeness of the dataset.

The water samples were analyzed in the laboratory to obtain
TSS concentrations using the gravimetric method in
accordance with SNI 6989.3:2019, providing in-situ data for
validation.

The water samples were collected at a depth of 0-30 cm
below the water surface and stored in 1-L plastic bottles. The
samples were preserved in a cooler box at approximately 4 °C
and transported to the Balai Standardisasi dan Pelayanan Jasa
Industri (BSPJI) Banda Aceh, with a transport time of
approximately 24 h before laboratory analysis. Before
filtration, each sample was homogenized by stirring until
uniform. A 10-mL aliquot was filtered under vacuum through
a glass microfiber filter (Whatman GF/C or equivalent) with a
nominal pore size of 1.2 um. The filter was dried at 103—
105 °C for 1-2 h until a constant weight was achieved, cooled
to room temperature in a desiccator, and weighed using an
analytical balance with a precision of 0.1 mg. A dried and pre-
weighed blank filter was included in the analysis to account
for filter mass. Each sample was analyzed in duplicate, and the
TSS concentration reported in Table 1 represents the mean of
the two analytical replicates. The gravimetric procedure
followed SNI 6989.3:2019.

Table 1. Laboratory Total Suspended Solids (TSS) test

results
No. ' Location : Test TSS Laboratory
Longitude Latitude (mg/L)

1 95°2é'34" 5°3I(£34" 11.30

) 95°2El‘34" 5°3I(3I'53" 6.9

3 95°2El ‘44" 5°3II\I'05" 71

4 95°2]f:)'51" 5°312\;05" 85

5 95°2]f:)'14" 5°3I3\;02" 105

6 95°1§‘49" 5°3I3\I'13" 9.0

7 95°1§‘13" 5°3I3\I'16" 71

8 95°1]§'06" 5°3I3\;41" 99

9 95°1]§'10" 5°3§10" 96

10 95°1§53" 5°3;‘57" 6.4

The Sentinel-2C Level-2A product

(S2C_MSIL2A 20250826T034551 NO511 R104 T) was
used directly as a Bottom-of-Atmosphere (BOA) surface-
reflectance product that had already undergone atmospheric
correction using the ESA Sen2Cor processor. Therefore, no
additional atmospheric correction was applied. Image
preprocessing was conducted using SNAP version 9.0. Cloud
and cloud-shadow masking was performed using the Scene
Classification Layer (SCL) and Band Math by excluding
cloud-shadow (class 3), medium-probability cloud (class 8),
high-probability cloud (class 9), and thin cirrus (class 10). The
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overall cloud coverage reported in the image metadata was
18.393832%. The GeoTIFF bands used in this study contained
floating-point surface-reflectance values in the 0-1 range;
therefore, no additional scaling factor, including division by
10,000, was applied. Water bodies were identified using the
Normalized Difference Water Index (NDWI), with NDWI > 0
used as the threshold for water pixels. The bands were
resampled to 10 m using the SNAP Resampling function
(Raster — Geometric Operations — Resampling), and spectral
reflectance values at each sampling location were extracted
using a 3 x 3 pixel window with mean aggregation.

Field sampling and Sentinel-2 image acquisition were
conducted on the same date (26 August 2025) to ensure
temporal consistency between in-situ and satellite
observations. TSS was analyzed gravimetrically following
SNI 6989.3:2019. Water pixels were extracted using NDWI
with a threshold of NDWI > 0. The four empirical TSS
algorithms were applied at the pixel level for each sampling
location.

To generate the spatial distribution map of laboratory-
measured TSS, the ten sampling points were interpolated using
the Ordinary Kriging method in ArcGIS. Ordinary Kriging
estimates TSS values at unsampled locations based on the
spatial relationship among the observed sampling points,
thereby producing a continuous predicted TSS surface from
the ten laboratory observations. The interpolated TSS surface
was generated at a 10-m spatial resolution and projected using
WGS 84 / UTM Zone 47 N. The interpolation result was
clipped using the water mask derived from the NDWI
threshold (NDWI > 0), while areas outside the water mask
were treated as no-data and excluded from the TSS distribution
map. For visualization, the predicted TSS values were divided
into five classes using the Equal Interval classification method
in ArcGIS. The class boundaries were determined from the
minimum and maximum predicted TSS values generated by
the interpolation process. Therefore, the laboratory-based TSS
map represents a spatially interpolated prediction surface
rather than direct measurements at every raster cell.

2.2 Data and methodology

In this research, data analysis focused on estimating TSS
concentrations using Sentinel-2 Level-2A imagery through the
application of four empirical algorithms that have been tested
in hydro-optical studies of water bodies. The selection of
multiple algorithms was carried out to test the accuracy and
suitability of the model with the bio-optical characteristics of
the waters in the Krueng Aceh Hilir watershed. The four
algorithms used are mentioned below:

The first algorithm [8] was developed for Poteran Waters,

East Java.
Log (Band 2)

TSS=31.42
Log (Band 4)

-12.719

The second algorithm [9] was developed for the Mahakam
River, East Borneo.

TSS =8.1429 x exp(23.704 x 0.94 x Band 4)

The third algorithm [10] was developed for Poyang Lake,
China.

TSS =2.950 (Band 7357)



The fourth algorithm [11] was developed for Berau Waters,
Indonesia.

TSS = 3.3238 x exp(34.099 x Band 4)

The four published empirical algorithms were originally
developed for different sensors and aquatic environments.
Therefore, their application to Sentinel-2 requires
consideration of spectral-band correspondence and reflectance
scaling. In this study, all four algorithms were applied directly
to Sentinel-2 Level-2A surface-reflectance data without local
recalibration. The Sentinel-2 bands were selected based on
their spectral correspondence with the bands specified in the
original empirical formulations. The original equation forms
and coefficients were retained without modification. This
approach was used to evaluate the direct transferability of the
published algorithms to the optical conditions of the
downstream Krueng Aceh watershed.

The published empirical algorithms (Laili, Liu, Budhiman,
and Parwati) were applied using their original coefficients
without recalibration or refitting. The relationship between
laboratory-measured TSS concentrations and algorithm-
derived TSS estimates was evaluated using regression
analysis. Therefore, leave-one-out cross-validation (LOOCV)
was not used to modify the published algorithm formulations
or to estimate new algorithm coefficients. Instead, LOOCV
was used as a performance-stability assessment under the
small-sample condition of this study. At each iteration, nine
observations were used to fit the linear relationship between
the laboratory-measured TSS and the TSS estimates produced
by a given published algorithm, while the remaining
observation was retained for validation. This procedure was
repeated ten times so that each observation served once as the
validation observation. The final RMSE, MAPE, and R?
values were calculated from the aggregated LOOCV
predictions. Accordingly, the LOOCV results are interpreted
as an assessment of the stability of the observed algorithm—
field-data relationship under limited sample size rather than as
a direct measure of the intrinsic generalization capability of
the published fixed-coefficient algorithms.

Y=a+bX
where,
Y = Dependent variable or concentration value of TSS
Laboratory (mg/L)

X = Independent variable (Sentinel Image)

a = Constant (intercept)

b = Regression coefficient (slope)

RMSE measures the average absolute error between the
actual value and the predicted value. The lower the RMSE
value, the more accurate the model to predict the TSS value.

-
Yt

n
t=1

x 100%

MAPE = =
N

where,

Y, = Actual Value

Y, = Prediction Value

N = Numbers of Data In predicting the turbidity

The coefficient of determination (R?) is used to evaluate the
proportion of variation in the observed TSS values that is
explained by the predicted TSS values. The R? value ranges
from 0 to 1, with values closer to 1 indicating a stronger
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agreement between predicted and observed TSS values,
whereas values closer to 0 indicate a weaker explanatory
relationship. R? was calculated using the following equation:

N _ AN 2
R2=1—(1+x)"=lw
Xe = 1T -T)
where,

N = Number of data

T = Actual TSS value

7= Predicted TSS value

T = Actual average TSS value

3. RESULTS

One of the limitations in the application of remote sensing
lies in the variation in spatial, temporal, and spectral resolution
of the sensors used in the data acquisition process. Sensors
with long re-recording intervals tend to have limitations in
detecting the temporal dynamics of water quality parameters,
such as TDS and TSS. Each satellite sensor has different
resolution characteristics in terms of spatial, spectral, and
temporal aspects. For example, Landsat 8 OLI has a revisit
period of approximately 16 days, while Sentinel-2A/B MSI
offers a shorter interval of approximately 5 days, making it
more optimal for detecting temporal changes in water quality
[12,13].

The results of TSS measurements through laboratory tests
from 10 sampling points in the Krueng Aceh Hilir watershed
are presented in Table 1. Samples were taken at geographically
dispersed locations with longitude coordinates varying from
95°18'53" E to 95°21'44" E and latitude coordinates varying
from 5°30'34" N to 5°34'57" N. The laboratory test data
showed variations in TSS values among the ten sampling
points and were used as observed TSS values for evaluating
the performance of the empirical algorithms. Because no
independent test dataset was available, model performance
was assessed using LOOCV.

The ten sampling points represented different downstream
settings with varying levels of anthropogenic activity. Points
1-4 were located in the Lambaro area, which includes market
activities, water-treatment infrastructure, agricultural areas,
livestock activities, and river infrastructure. Points 5-9 were
located in the urban area of Banda Aceh, characterized by
dense settlements, bridges, commercial activities, and boat-
mooring areas. Point 10 was located near the river mouth,
close to the coastal zone.

The highest laboratory-measured TSS concentration was
observed at Point 1 (11.3 mg/L), followed by Point 5 (10.5
mg/L), Point 9 (9.6 mg/L), and Point 8 (9.2 mg/L). The
relatively high TSS concentration at Point 1 may be associated
with intensive activities around Lambaro Market, although
this relationship was not directly tested because land-use
intensity, rainfall, and runoff were not measured. The TSS
concentration at Point 2 was lower (6.9 mg/L), which may
reflect differences in local environmental conditions and
anthropogenic activities around the water-treatment facility.
Point 3 recorded 7.1 mg/L, while Point 4 recorded 8.5 mg/L;
the observed variation may be related to local flow conditions,
sedimentation, and surrounding agricultural and livestock
activities. However, these factors were not directly measured
in this study and therefore cannot be confirmed as causes of
the observed TSS differences.



Points 5-9 showed spatial variability in TSS concentrations
within the urban downstream section. Point 5 recorded 10.5
mg/L, which may be associated with the surrounding dense
settlement and urban drainage network. Point 6 recorded 9.0
mg/L, whereas Point 7 recorded 7.1 mg/L, indicating local
differences in TSS conditions despite their urban setting. Point
8 recorded 9.2 mg/L and was located in an area with dense
settlements and commercial activities. Point 9 recorded 9.6
mg/L near the boat-mooring area in Kampung Jawa. Vessel
activity and sediment disturbance may be possible
explanations for the relatively high TSS value at this location;
however, vessel traffic was not measured during sampling.

The lowest TSS concentration was observed at Point 10 (6.4
mg/L), located near the river mouth. This relatively low value
may be associated with mixing between river and seawater and
tidal dynamics; however, tidal conditions, river discharge, and
rainfall were not measured during the survey. Therefore, these
factors should be considered possible explanations rather than
demonstrated causes.

Estimation of TSS concentrations obtained from Sentinel-2
Level-2A image processing using four estimation algorithms,
namely Laili et al. [8], Budhiman [9], Liu et al. [10], and
Parwati and Purwanto [11], at each sampling location is
presented in Table 2. The results illustrate spatial variation in

TSS estimates and differences among the four algorithms at
the same sampling locations. These values were compared
with laboratory measurements to evaluate the performance of
each image-based estimation method.

The estimation of TSS values using Sentinel-2 Level 2A
imagery produced significant variations in values between the
four algorithms applied (Figure 2). A comparative analysis
reveals quite striking estimation disparities, with the Liu
algorithm showing a tendency for high estimates at certain
locations, particularly sampling location points 4 and 5, which
reached 86.33 mg/L and 64.68 mg/L. These high values
indicate that the Liu algorithm is highly sensitive to changes
in reflectance in the red and near-infrared bands used in its
calculations, enabling it to detect significant increases in
suspended material in more turbid waters. On the other hand,
lower values such as at location 6 (8.39 mg/L), location 8 (8.30
mg/L), and location 9 (10.33 mg/L) demonstrate the
algorithm’s ability to capture spatial variations between high
and low TSS areas. The average TSS value in Liu’s algorithm
was at a medium to high level, indicating that this model tends
to overestimate areas with high reflectance due to the presence
of suspended materials and other optical elements such as
phytoplankton or organic matter.

Table 2. Total Suspended Solids (TSS) measurement data from Sentinel-2 Level-2A

No Location Predicted TSS Method (mg/L)
) Longitude Latitude Liu Laili Budhiman Parwati

1 95°21'34" E 5°30'34" N 155.63 19.79 23.12 2337
2 95°21'34" E 5°30'53" N 26.69 18.14 28.48 22.58
3 95°21'44" E 5°31'05" N 16.81 17.94 27.73 21.68
4 95°20'51" E 5°32'05" N 86.33 17.50 17.36 10.59
5 95°20'14" E 5°33'02" N 64.68 19.21 40.86 39.24
6 95°19'49" E 5°33'13"N 8.39 18.44 11.99 6.01
7 95°19'13" E 5°33'16" N 10.23 17.99 11.68 5.77
8 95°19'06" E 5°33'41" N 8.30 18.23 12.65 6.52
9 95°19'10" E 5°34'10" N 10.33 19.41 12.37 6.31
10 95°18'53" E 5°34'57" N 18.17 15.03 12.29 6.24

The Laili’s algorithm shows relatively stable TSS estimates, conditions.

with values ranging from 15.03 to 19.79 mg/L. The highest
recorded value was at location 1, with 19.79 mg/L, while the
lowest value was at location 10, with 15.03 mg/L. The values
at the other locations also showed relatively small variations,
indicating the stability of the model in estimating TSS
concentration. The consistency of these values indicates that
Laili’s algorithm has moderate sensitivity to changes in water
spectral characteristics, which is likely due to the use of
interband ratios in the model formulation, thereby reducing the
influence of reflectance anomalies and non-sediment
materials.

The Budhiman’s algorithm estimates TSS concentrations
ranging from 11.68 to 40.86 mg/L, with the maximum value
observed at location 5 (40.86 mg/L) and the minimum value at
location 7 (11.68 mg/L). Location 2 (28.48 mg/L) and location
3 (27.73 mg/L) also showed relatively high TSS values,
indicating higher concentrations of suspended solids at these
sampling locations. Parwati’s algorithm produced TSS
estimates ranging from 5.77 to 39.24 mg/L, with the highest
value recorded at location 5 (39.24 mg/L) and the lowest value
at location 7 (5.77 mg/L). At several locations, particularly
location 6 (6.01 mg/L), location 7 (5.77 mg/L), location 8
(6.52 mg/L), and location 9 (6.31 mg/L), the estimates showed
relatively low values with narrow variability, indicating the
stability of the algorithm’s estimates under low TSS
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To assess the stability of the observed relationships between
laboratory-measured TSS and the estimates generated by the
four published algorithms under the limited sample size, the
non-cross-validated results were compared with the LOOCV
results (Table 3). Because the algorithms were applied using
their original fixed coefficients, LOOCV was used as a
performance-stability assessment rather than as a recalibration
procedure.

Table 3. Comparison of non-cross-validated and leave-one-
out cross-validation (LOOCYV) performance of the four
empirical Total Suspended Solids (TSS) algorithms

Algorithm Metric No CV LOOCV
Liu RMSE (mg/L) 1.2377 1.4788
Liu MAPE (%) 14.4032 17.4274
Liu R? 0.3784 0.1126

Laili RMSE (mg/L) 0.9799 1.5163
Laili MAPE (%) 10.9420 16.1822
Laili R? 0.6103 0.0670

Budhiman RMSE (mg/L) 1.5215 1.9466

Budhiman MAPE (%) 16.5546 21.0847

Budhiman R? 0.0607 -0.5376

Parwati RMSE (mg/L) 1.4619 1.7957
Parwati MAPE (%) 16.1826 20.0446
Parwati R? 0.1328 -0.3084

Note: CV: cross-validation.



The results show a substantial difference between the non-
cross-validated and LOOCV performance. Under LOOCYV,
the Laili algorithm produced the lowest RMSE (1.5163 mg/L)
and MAPE (16.1822%) among the four algorithms, whereas
the Liu algorithm produced the highest R? (0.1126). However,
the R? value for Laili was only 0.0670, indicating limited
predictive ability for the available observations. Liu also
showed a low R? of 0.1126, while Budhiman and Parwati
produced negative R? values of -0.5376 and -0.3084,
respectively. Thus, although Laili showed the best relative
performance among the four algorithms under LOOCYV, its
predictive ability remained weak.

The non-cross-validated results showed apparently better
performance, particularly for Laili, with RMSE = 0.9799

95°18'30"E

95°19°30"E 95°20'30"E 95°21'30"E
1 1

95"12;.“!"!’,

mg/L, MAPE = 10.9420%, and R*> = 0.6103. These statistics
were calculated from the complete set of observations and may
therefore provide an optimistic representation of the observed
algorithm—field-data relationship under the small-sample
condition. In contrast, the lower LOOCV performance
indicates that this relationship was not stable when individual
observations were sequentially excluded from the regression
assessment. Therefore, the LOOCYV results are considered the
primary indicators for assessing performance stability in this
study. The findings should be regarded as preliminary, and
larger multi-season datasets with independent validation are
required for a more robust assessment of the four published
algorithms.
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Figure 2. Total Suspended Solids (TSS) estimation results using several different algorithms

The comparison between in-situ measurements and the
estimation results using satellite imagery was tested using a
regression model. The relationship between parameter values
can be seen in Figure 3.

The non-cross-validated (No CV) regression statistics are
presented in Table 4 to provide a descriptive comparison of the
relationships between laboratory-measured TSS and the
estimates generated by the four algorithms. Laili showed the
lowest non-cross-validated RMSE (0.9799 mg/L), MAE
(0.8661 mg/L), and MAPE (10.94%), with an R? of 0.6103.

However, these statistics should be interpreted only as
descriptive, non-cross-validated results because they do not
account for the stability of the regression relationship under
the limited sample size. The corresponding LOOCV results
provide a more conservative assessment and indicate
substantially lower predictive performance, particularly for
Laili (R?> = 0.0670). Therefore, the non-cross-validated
statistics are not used as the primary basis for ranking the
algorithms.
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Figure 3. Linear regression analysis results for the algorithm

Table 4. Non-cross-validated (No CV) regression statistics of the four empirical Total Suspended Solids (TSS) algorithms

Algorithm RMSE MAE BIAS MAPE (%) Slope Intercept R?
Liu 1.23766 1.0016 -0.1068 14.40 0.0210 7.7071 0.3784
Laili 0.9799 0.8661 -0.0005 10.94 0.9783 -9.2143 0.6103

Budhiman 1.5229 1.2443 0.2929 16.56 0.0410 7.7454 0.0607

Parwati 1.4618 1.2025 0.0304 16.18 0.0529 7.7752 0.1328
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Figure 4. Ordinary Kriging-based interpolated spatial distribution of laboratory-measured Total Suspended Solids (TSS) and
observed sampling points in the downstream Krueng Aceh watershed
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The spatial distribution of laboratory-measured TSS was
generated by interpolating the ten sampling points using
Ordinary Kriging. The resulting map represents a continuous
predicted TSS surface between the observed sampling
locations rather than direct laboratory measurements at every
raster cell. The values shown in the map legend represent the
interpolated TSS values generated by the Ordinary Kriging
process, whereas the observed TSS values measured at the ten
sampling points ranged from 6.4 to 11.30 mg/L, as reported in
Table 1. The sampling points shown on the map indicate the
locations of the field observations used as input data for the
interpolation. The predicted values were mapped at a 10-m
spatial resolution within the water mask and classified into five
equal-interval classes, as shown in Figure 4.

The spatial distribution of TSS estimated using the Laili et
al. [8] algorithm is presented in Figure 5. Based on the results
in Table 2, the estimated TSS values at the ten sampling points
ranged from 15.03 to 19.79 mg/L. The highest estimated value
was recorded at Sampling Point 1 (19.79 mg/L), whereas the
lowest value was recorded at Sampling Point 10 (15.03 mg/L).
The values estimated at the ten sampling points were used to
represent the spatial distribution of TSS across the
downstream Krueng Aceh watershed. Figure 5 shows the
spatial pattern of the estimated TSS values, classified into five
equal-interval classes to facilitate visualization of their spatial
variation.

Residual analysis was further conducted to examine the
distribution and systematic patterns of prediction errors for
each empirical algorithm. The residual plots are presented in
Figure 6. The predicted TSS values shown on the x-axis were
obtained from the linear regression fitting between the
laboratory-measured TSS values and the TSS values estimated
using each published empirical algorithm. Thus, the predicted
TSS values in Figure 6 represent regression-fitted values
rather than the original algorithm-derived TSS values reported
in Table 2. The residuals were calculated as the differences
between the laboratory-measured TSS values and the
regression-predicted TSS values. These plots provide
additional information on the magnitude, direction, and
potential systematic structure of prediction errors that cannot
be fully captured by RMSE, MAPE, and R? alone.

4. DISCUSSION

TSS is an important indicator in assessing water quality
because it affects turbidity and transparency levels, which
directly impact the photosynthesis process of aquatic
organisms and ecosystem balance. High TSS levels can reduce
water quality, decrease dissolved oxygen levels, and disrupt
the habitats of species living in the water [14].

TSS is closely related to soil erosion and river channel
erosion. TSS levels vary, ranging from less than 5 mg/L to as
high as 30.000 mg/L in some rivers. TSS is not only an
important measurement for erosion levels in river channels,
but is also related to the transport of nutrients (especially
phosphorus), metals, and various industrial and agricultural
chemicals through river systems. The spatial distribution of
TSS should be thoroughly understood. Sediment is commonly
found at the foot of mountains, along waterways and rivers,
and within reservoirs. Sedimentation is the process of
depositing materials into water bodies as a result of erosion.
This process involves the accumulation of soil particles
influenced by water flow velocity, allowing the sediment to
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reach its settling velocity. Prolonged periods of intense rainfall
can exacerbate this condition by increasing sediment
accumulation in river channels, thereby reducing their water
storage capacity and posing significant hazards [15].

The TSS value and turbidity level are positively correlated;
this means that the higher the TSS value, the higher the
turbidity value [16]. High water turbidity restricts light
penetration into the water column, thereby affecting the
metabolism of aquatic organisms [17]. An increase in the
concentration of suspended solids causes turbidity, which
inhibits the penetration of sunlight into the water. As a result,
the low light intensity inhibits the growth of phytoplankton
[18].

The non-cross-validated results showed that the Laili
algorithm had the strongest observed relationship with the
laboratory-measured TSS, with RMSE = 0.9799 mg/L, MAPE
=10.9420%, and R? = 0.6103. However, the LOOCYV results
showed a substantial reduction in performance, with RMSE =
1.5163 mg/L, MAPE = 16.1822%, and R?> = 0.0670. This
difference indicates that the apparent relationship observed in
the complete dataset was not stable under the limited sample
size. Among the four algorithms, Laili still produced the
lowest LOOCV RMSE and MAPE, although its low R?
indicates weak predictive ability. Therefore, the results should
be interpreted as a comparative assessment of performance
stability rather than as evidence of strong predictive capability.

The differences in algorithm performance may reflect the
sensitivity of the empirical formulations to the optical and
environmental characteristics of the study area. Each
algorithm was developed under specific environmental,
optical, and regional conditions, and differences in water
composition, sediment characteristics, and spectral response
may affect its performance when applied to another river
system. In this study, the original coefficients of all four
published algorithms were retained without recalibration or
refitting. Therefore, the differences observed among the
algorithms represent their relative performance under the
specific conditions of the downstream Krueng Aceh watershed
rather than the performance of newly optimized models. The
relatively low LOOCV performance also indicates that the
relationship between the field measurements and algorithm-
derived estimates was sensitive to the limited number of
observations.

Previous research has also demonstrated the potential of
remote sensing for monitoring suspended sediment and water
quality. Ramli et al. [19] applied the Modified Universal Soil
Loss Equation (MUSLE) to estimate annual erosion and used
a log-ratio-based algorithm with Landsat-8 imagery to map the
spatial distribution of TSS. The study demonstrates the
potential of integrating erosion modelling and satellite-based
observations to investigate sediment dynamics. However,
remote-sensing-based TSS estimation can be affected by
spatial resolution, spectral characteristics, atmospheric
conditions, and the complexity of water environments. These
limitations may become more pronounced in narrow river
channels and areas with complex shoreline morphology,
where mixed pixels and high spatial variability can influence
the extracted spectral information.

Research conducted by Sent et al. [20] also demonstrated
the potential of the Sentinel-2 MSI for monitoring water-
quality parameters, particularly turbidity. The ability of
Sentinel-2 to provide multispectral observations at relatively
fine spatial resolution allows spatial variations in suspended
particles and related water-quality conditions to be assessed



over broader areas than conventional field measurements.
However, the accuracy of satellite-derived water-quality
estimates remains dependent on the relationship between
spectral reflectance and in-situ measurements, as well as on
environmental and hydrological conditions at the time of
image acquisition. Therefore, satellite observations are most
effectively used in combination with field measurements to
evaluate the applicability of empirical algorithms under
specific local conditions.

Finally, the present findings are based on a single Sentinel-
2 acquisition and one field-sampling campaign conducted on
26 August 2025. Therefore, the results represent the conditions
observed during the study period and cannot be assumed to
represent wet-season, dry-season, or flood-event conditions.
In addition, the limited number of field observations restricts
the strength of the performance assessment. Multi-season
observations, a larger number of field samples, and
independent validation under different hydrological
conditions are required to determine the robustness and
broader applicability of the evaluated algorithms.

5. CONCLUSION

This study compared four published empirical algorithms,
namely Laili, Liu, Budhiman, and Parwati, for TSS estimation
using Sentinel-2C Level-2A imagery and field measurements
in the downstream Krueng Aceh watershed. All algorithms
were applied using their original fixed coefficients without
recalibration or refitting. The non-cross-validated results
showed that Laili produced the strongest observed relationship
with laboratory-measured TSS (RMSE = 0.9799 mg/L, MAPE
10.9420%, and R? = 0.6103). However, its LOOCV
performance decreased to RMSE = 1.5163 mg/L, MAPE =
16.1822%, and R? = 0.0670, indicating limited stability under
the small-sample condition.

Among the four algorithms, Laili showed the best relative
performance under LOOCV based on the lowest RMSE and
MAPE. However, its low R? indicates limited predictive
ability, while the negative R? values obtained for Budhiman
and Parwati indicate poor stability of their relationships with
the field observations. Therefore, the results represent a
comparative assessment of the performance stability of the
published algorithms under the specific conditions of the study
area rather than evidence of a universally superior algorithm.

The study demonstrates the potential of Sentinel-2 imagery
for spatial assessment of TSS in the downstream Krueng Aceh
watershed. However, the findings are limited to a single
Sentinel-2 acquisition, one field-sampling campaign, and ten
observations. Larger multi-season datasets, additional field
measurements, and independent validation under different
hydrological conditions are recommended to establish the
robustness and broader applicability of the evaluated
algorithms.
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