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Abstract: The functional value of a watershed is often degraded by anthropogenic activities. Land cover changes,
urban expansion, and industrial development can significantly affect river water quality. Consequently, rapid and
comprehensive monitoring is required to represent conditions across the entire river system. Advances in Earth
observation satellite technology provide efficient tools for monitoring natural resources and environmental quality.
This study aims to estimate concentrations of Total Suspended Solids (TSS) and Dissolved Oxygen (DO) in the
Krueng Pase River Basin, North Aceh, Indonesia, using satellite imagery. The analysis employed Sentinel-2A data
acquired during both dry and rainy seasons from 2020 to 2022, with a spatial resolution of 60 m. Concurrent field
measurements collected by the Aceh Environmental Service were used for accuracy assessment. The results reveal
seasonal variations in sediment levels within the Krueng Pase Watershed. Validation against in situ observations
produced Nash—Sutcliffe Efficiency (NSE) values of 0.949 (very good) for Period I and 0.645 (satisfactory) for Period
II. Percent Bias (PBIAS) values were 15.668 (very good) and 21.0307 (very good), respectively. These findings
are supported by the estimated DO concentrations, which consistently >5 mg/L. Such levels indicate good oxygen
conditions, sufficient to sustain productive aquatic biota and showing no evidence of severe pollution. This study
demonstrates that satellite imagery-based estimation of TSS and DO concentrations is a reliable approach for land and
water management, particularly in evaluating water pollution.
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1 Introduction

To determine Sediment load volume and evaluate the health of aquatic ecosystems, suspended solid models are
commonly applied to measure water quality parameters [1]. Human activities alter the water cycle through land
use changes, as well as the construction of dams and reservoirs, which contribute to increased erosion [2]. Erosion
processes elevate turbidity, thereby accelerating sedimentation within dams and reducing the overall capacity of
watersheds. Rapid population growth further exacerbates environmental problems and intensifies water pollution [3-5].
Total Suspended Solids (TSS) represent a key biogeochemical parameter used to manage water resources and assess
water quality [6]. The concentration of TSS is influenced by both natural processes and anthropogenic factors.
Within watersheds, suspended solids serve as indicators of contamination levels and sediment transport dynamics.
Sedimentation refers to the deposition of debris in water as a direct consequence of erosion. Several environmental
analyses have been conducted using laboratory based gravimetric techniques [7]. Deposition occurs when soil
particles transported by water currents settle after reaching their settling velocity. This process typically occurs in
agricultural fields, riverbeds, reservoir bottoms, and estuarine areas. In watersheds characterized by diverse land use
and land cover types, land degradation can substantially influence sedimentation rates [8].
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In addition, several water quality parameters can be detected within the watersheds. Sediments often contain
substances whose concentrations can be measured, including those associated with biological and chemical factors
in surface water or indicative of pollution [9]. Because the collection of these different types of data is typically
conducted independently, matched datasets combining remote sensing and in situ water quality measurements remain
limited. Multiple parameters can serve as indices of water quality and can be detected terrestrially using algorithms.
Examples include Dissolved Oxygen (DO), which is influenced by water temperature, and chlorophyll-a (Chl-a), which
indicates the presence of microorganisms in aquatic environments originating from agricultural runoff or sewage [10].

The dynamics and geomorphology of shallow waters are influenced by the total suspended mass. In tidal
environments, biophysical processes regulate the transport of sediments and other suspended materials. When
integrated with computational algorithms, remote sensing data can be applied to monitor water quality. This
technology serves as an effective tool for detecting the distribution of TSS and for accurately monitoring water quality.
Although remote sensing does not directly measure changes in sedimentation, it remains one of the most effective
methods for detecting and predicting water quality in aquatic systems, including watersheds [11, 12]. By utilizing
optical data, TSS concentrations can be estimated with high spatial and temporal resolutions [7].

In the Krueng Pase watershed, increasingly variable surface runoff patterns underscore the need for a mapping
system to monitor water quality distribution. This requirement is particularly critical in disaster-prone areas, such as
the Krueng Pase watershed, which experiences recurrent flooding during the rainy season. Flood events transport
runoff from mountains and cause accumulation in nearby coastal cities. To address this issue, the water index [13]
was first calculated using the Normalized Difference Water Index (NDWI) approach to distinguish between open
water bodies, reservoirs, and permanent water. The NDWI masking results were then used as input for determining
suspended solids and DO levels. Consequently, TSS and DO calculations were restricted to locations identified
through the water index.

Two primary remote sensing approaches are generally employed to estimate TSS: direct calculation using remote
sensing reflectance (Rrs) and methods based on the reflectance of water-leaving radiance [14, 15]. The technique
utilizing Rrs values at specific wavelengths is widely applicable across diverse water types. In this study, four
wavelengths (551, 671, 745, and 862 nm) were used to determine TSS concentrations from the Rrs data [16].

Remote sensing for DO detection is also applied to map water quality and pollution. Satellite imagery
enables the recording of regional conditions using onboard sensors, thereby facilitating the detection of surface
characteristics and their content. Because suspended solids are particles present in water, DO measurements provide
complementary information by indicating oxygen availability and overall ecosystem health. However, many national
water quality monitoring programs were not originally designed to incorporate satellite overpasses or remote sensing
acquisitions [17].

DO is a critical parameter for describing water quality; however, maintaining a monitoring system requires
substantial labor and cost. Consequently, technologies with high spatial and temporal resolutions are needed to
support effective management plans [18]. Remote sensing has become an important tool for water quality monitoring
due to its advantages of broad coverage, regularity, and dynamic observation capabilities. It can be used to monitor
changes in water quality in near real time [19].

The purpose of this study was to develop an algorithm based on Sentinel-2A imagery to estimate TSS concentrations
and DO distribution within the watershed. By integrating remote sensing methods, the analysis of both TSS and DO
parameters became more robust, enabling more accurate water quality assessments. Reflectance values derived from
the imagery were compiled into a mathematical model [20] that mapped the distribution of TSS and DO at the pixel
level. This pixel by pixel calculation provides an optimal indication of TSS and DO levels in water.

2 Study Materials
2.1 Study Area

The Krueng Pase Basin in Aceh Province is divided into six districts: Aceh Tengah, Pidie, Bener Meriah, Bireun,
Aceh Utara, and Nagan Raya. It is located between coordinates 4°30/38"”-97°02’40" and 5°16'34"'-96°27'12". The
watershed is predominantly situated in North Aceh and Bireun (Figure 1). The Krueng Pase River serves as an
important source of irrigation for the surrounding communities. The basin covers an area of 2,557.8 km?, draining
multiple districts due to its extensive geographical reach.

The river flows through mountainous terrain and passes through several sub-districts and villages. Various
developments have emerged around the watershed, including community-built infrastructure within the basin.
Technical irrigation projects along the Krueng Pase have been constructed to support agricultural activities, enabling
the irrigation of approximately 8,922 hectares of rice fields. This is particularly significant because the river edges are
dominated by rice fields, which serve as vital agricultural areas for the local population.

Regarding the socio-economic conditions of the community around the Krueng Pase Watershed, the downstream
area is a densely populated urban zone located near the coastline. A significant influx of people from rural areas
has migrated to the city center, which functions as an industrial and commercial hub. In contrast, vegetated and
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agricultural lands dominate the central part of the watershed. The middle to upstream areas are sparsely populated,
and the majority of residents rely on farming as their primary livelihood. These agricultural lands are primarily
converted into rice fields and vegetated plots, and their produce is exported or distributed to the city’s trading centers.
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Figure 1. Research location

Due to the extensive forest cover with high vegetation density, Krueng Pase Watershed falls under the Type
D climate classification according to Schmidt—Ferguson, which designates temperate regions with seasonal forest
vegetation. From a physical and environmental perspective, Krueng Pase Watershed is characterized by high rainfall
and dense forest conditions. These forests, although ecologically significant, also contribute to forest degradation in
Aceh. Such degradation influences the hydrological response of the watershed, where river flows are surrounded by
high-vegetation forests that regulate water dynamics in the region.

2.2 Data Collection

This study utilized Sentinel-2A Level-1C imagery acquired between 2020 and 2022, together with vector datasets
delineating the administrative boundaries of the Krueng Pase Watershed. The vector data were obtained from the
Indonesian Earth Map at a scale of 1:25,000. Satellite images were accessed through the Google Earth Engine (GEE)
platform, while in situ data for monitoring TSS were collected on designated sampling dates. Seasonal satellite
composites were generated for the dry season (May—August) and the rainy season (December—March) for each year.
In addition, water quality observation data spanning three years were used to validate the suspended solid estimates.

For DO calculations, daily Level-2 data products were employed, including Chl-a concentration, Rrs at multiple
wavelengths, and daytime sea surface temperature derived from MODIS-Aqua and VIIRS sensors. MODIS-Aqua
Level-1A data for the Krueng Pase Watershed, covering the period 2020-2022, were accessed via the GEE platform.

3 Methods

This study aims to estimate TSS and DO concentrations in the Krueng Pase River Basin using Sentinel-2A satellite
imagery from 2020 to 2022, complemented by field observations of sediment yield. Analyses were conducted for
both the dry season (May—August) and the rainy season (December—March) to evaluate seasonal variations in TSS
distribution.

(a) Atmospheric correction

Sentinel-2A imagery has already undergone geometric adjustments, allowing atmospheric correction to be applied
directly. The radiance signal detected by the satellite can be decomposed into several components [21]. The total
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reflectance at a specific wavelength A [22], which is measured at the top of the atmosphere, it can be stated as
follows [21-23].

During the correction process, various atmospheric parameters were considered. This adjustment minimizes
image distortions by accounting for seasonal factors and local climatic conditions at the time of acquisition, including
tropical and subtropical environments. From the Top of Atmosphere (TOA) reflectance values, the correction produces
surface reflectance, also referred to as Bottom of Atmosphere (BOA) values.

(b) Masking water body area using Normalized Difference Water Index (NDWI)

The Sentinel-2 Level-1C dataset, which is publicly accessible, provides standard TOA reflectance values that
serve as the input imagery data. Therefore, no additional preprocessing is required. When computing the NDWI,
TOA reflectance is more appropriate than raw Digital Numbers [24].

Area masking was performed using the NDWI algorithm prior to calculating TSS. This algorithm effectively
distinguished water bodies from land and soil, thereby ensuring that only the relevant water areas were included in
the analysis. Although NDWI is generally reliable for extracting water information, it is susceptible to interference
from built-up areas and may overestimate the size of water bodies. NDWI is calculated as the normalized difference
between the Green and Near Infrared (NIR) wavelengths [25, 26], within the following formula:

(Green — NIR)

NDWI = ———=
W (Green + NIR)

)]
where,

NIR = Reflectance value for the near infrared channel,

Green = Reflectance value for the surface of the green channel.

(c) Total Suspended Solid (TSS) Algorithm

Rrs data can be applied to develop observational, analytical, and semi-analytical models of suspended sediments
using Landsat-8 imagery. For the Krueng Pase Watershed, Laili’s algorithm , originally developed for Poteran
Island [27], was considered more suitable. This algorithm is an empirical model that utilizes reflectance values. In
this study, the algorithm was adapted to Sentinel-2A imagery, which provides a pixel size of 10 m. The relevant
channels correspond to wavelengths of 496.6 nm (Rrs2, blue band) and 664.5 nm (Rrs4, red band). The formula below
uses the most significant reflectance numbers from the atmospherically corrected between blue and red channels.

log(Rrs(496.6))

mg
7SS (28) = 31.42
SS( L ) 3142 x log(Rrs(664.5))

—12.719 @)

Consequently, no additional preprocessing is required for these methods, which can be directly applied to extract
water information from satellite imagery. The proposed technique for estimating TSS concentrations has consistently
produced satisfactory accuracy [28], as demonstrated by relative error values of less than 30%.

(d) Modified Universal Soil Loss Equation (MUSLE)

Erosion is calculated using the Modified Universal Soil Loss Equation (MUSLE) formula with the following
variables: rainfall factor, peak discharge (Qp), soil erosion (K), Slope Index (S), Slope Length (L), vegetation cover,
and plant cultivation methods in the field (P).

Ayusze = 11.8(VQ x Qp)?®® x K x LS x CP 3)

where,

VQ = Flow volume during a rainfall event (m?),

Qp = Maximum debit (m?/s),

K = Land Erodibility Factor,

LS = Slope, and

CP = Land use and land management factors.

(e) Dissolved Oxygen (DO)

In this study, the used of empirical algorithm to estimate the Chl-a from MODIS Rayleigh-corrected reflectance
(Rrc) value 645 and 859 [29] for normalized spectral index in the study area before using the empirical model of
Chl-a as follows.

Chl-a = —1454.3x o< +69.35 4
The value of o was from exponential of Rrc value.

. (Exp (Ryc(645)) — Exp (Rec(ss9))) 5)
(Exp (Ryc(oas)) + Exp (Rec(ss9)))

65



To calculate the concentration of DO, it is necessary to first determine the Sea Surface Temperature (SST) using
the empirical model as the temperature quantities [30]. In fact, SST, Chl-a and DO concentration exhibit a strong
relationship and provide a good interpretability [31].

SST (OC) = C1 + CQTll + Cg (T11 — Tlg) Tsfc + C4(S€C(9) — 1) (Tll — T12) (6)

where,

C; and C4 = the MODIS 11-12 um coefficient of SST,

Ty; and T2 = Brightness temperatures in 11-12 pm, and

Tt = the reference (Reynolds) of SST.

To examine the spatial and temporal distribution of DO in the Krueng Pase Watershed, both in situ measurements
and MODIS satellite data were utilized. DO distribution was predicted by integrating water temperature measurements
with estimates of Chl-a concentration. This approach enabled the prediction of DO levels across the watershed. The
findings indicate that temperature plays a dominant role in determining the amount of oxygen that can dissolve in
water, thereby exerting the greatest influence on the DO concentration.

(f) Statistical analysis and validation

In this study, an algorithm based on the computation of suspended variables was applied to verify accuracy.
The TSS values derived from Landsat-8 imagery were compared with in situ measurements to ensure reliability.
Table 1 presents the validation results, expressed through Nash—Sutcliffe Efficiency (NSE) and Percent Bias (PBIAS)
metrics [32].

N 2
Zi:l (Poi - Pw)

NSE =1 — @)
Z?Ll (Poi - Pmean)2
SN (P — Pgi) x 100

PBIAS = &=L =% — % (8

Zij\;l (Poi)

where,
P,; = the ¢th observation,
P,; = the ith of simulated value, and
P,.can = Mean observation data for evaluated.

Table 1. Performance ratings of Nash—Sutcliffe Efficiency (NSE) and Percent Bias (PBIAS) [32]

Performance NSE PBIAS
Very Good 0.75 < NSE < 1.00 PBIAS < +25
Good 0.65 < NSE <0.75 #25 <PBIAS < +40
Satisfying 0.50 < NSE < 0.65 #40 < PBIAS < +70
Not Satisfactory NSE < 0.50 PBIAS > +70

4 Results and Discussion
4.1 Seasonal Distribution of Total Suspended Solid (TSS)

Rainfall is a crucial factor in estimating runoff and sedimentation. In the Krueng Pase Watershed, the erosion
hazard level increased significantly between 2009 and 2019; mild erosion rose by 7.9%, while moderate erosion
increased by 27.4%. The highest erosion rates were observed in agricultural land, built-up areas, and mixed agricultural
zones. For instance, inceptisol soil types are particularly prone to erosion [33]. Peak discharge and runoff values,
which are strongly influenced by rainfall intensity, largely determine erosion rates. Beyond reducing watershed
productivity and overall quality, soil erosion diminishes the river’s capacity to transport sediments.

Figure 2 illustrates the sediment yield from erosion in the Krueng Pase Watershed, calculated using the MUSLE.
The estimated sediment yields were 4,114 tons in 2019, 20,701 tons in 2020, 15,371 tons in 2021, and 22,872 tons in
2022.

Erosion can cause damage both at the site of occurrence and downstream outlets where sediment is deposited. This
process reduces the carrying capacity of rivers and reservoirs, thereby significantly affecting the overall water quality.
Sediment discharge is influenced by several parameters, including flow velocity, flow rate, and sediment concentration
within the channel [34]. The MUSLE, however, has certain limitations, as it can only quantify sedimentation at the
plot or outlet scale. Soil erosion also affects soil fertility through the loss of nutrients, which subsequently accumulate
in water bodies [35].
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Figure 2. Sediment yield of Krueng Pase Watershed

The spatial distribution of TSS must be thoroughly understood. Sediment is commonly found at the base of
mountains, along waterways and rivers, and within reservoirs. Sedimentation refers to the deposition of debris in water
as a result of erosion. This process involves the accumulation of earth particles, facilitated by the water flow velocity,
which enables the sediment to reach its settling velocity. Prolonged periods of intense rainfall can exacerbate this
situation, as sediment accumulation in river bodies reduces their water holding capacity, posing significant hazards.
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Figure 3. The distribution of Total Suspended Solid (TSS) in Krueng Pase Watershed: (a) Summer 2020; (b)
Summer 2021; (c¢) Summer 2022; (d) Rainy 2020; (e) Rainy 2021 and (f) Rainy 2022

The TSS results obtained from Sentinel-2A data indicate that the downstream region of the watershed consistently
experiences elevated levels of suspended solids from 2020 to 2022. Specifically, the TSS concentration exceeded 11
mg/L, which contrasts with the upstream area of the river basin. The upstream region exhibits a lower concentration of
suspended solids, as it represents the source of the river flow, resulting in minimal particle transport with a suspended
solid value of 1.63 mg/L, as depicted in Figure 3, where values are less than 2 mg/L on the distribution map. This
is in contrast to the sections along the river flow, which accumulated erosion levels with values ranging from 4 to
10 mg/L. Figure 3 illustrates the transport of suspended particles from upstream to downstream, with the majority
of suspended particles accumulating along the coastal area. The coastal region, which serves as the estuary of the
Krueng Pase Watershed, is surrounded by urbanized areas that may contribute to increased river water waste.

Based on the results of the distribution modeling shown in Figure 3, annual observations from 2020 to 2022 using
Sentinel-2A satellite imagery with a spatial resolution of 60 m revealed distinct patterns in sedimentation dynamics
within the Krueng Pase Watershed. The rise and fall in sedimentation levels were evident, with observational statistics
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indicating that sediment concentrations increased each year during the wet season. This trend explains the significant
increase in the sediment levels observed at the P4 monitoring site. The locations of the in-situ data collection from
the four observation points are presented in Table 2.

Table 2. Location of in-situ data for Total Suspended Solid (TSS) measurement

Point X Y
P1 96°54’4"E 4°51'29""N
P2 07°3'40.26"E  4°58'37.38"N
P3 97°13'24.57"E  5°8/22.83"N
P4 97°12'34.69"E 5°7'3.10"N

According to satellite imagery statistics on sediment, there was increasing of sediment value during the rainy
season each year by using the TSS algorithm 9.4 mg/L in 2020, 10.6 mg/L in 2021, and 10.7 mg/L more in 2022
(Table 3).

Table 3. In-situ data and observation satellite for Total Suspended Solid (TSS) measurement

Point Insitu Data 2020 2021 2022
Tl (mg/L) T2(mgL) T1(mgL) T2(mgL) TI(mgL) T2 (mgL)
P1 7.66 8.23 6.40 7.30 8.23 9.06
P2 6.75 7.01 5.03 6.43 7.20 6.80
P3 8.00 5.40 6.85 7.48 5.18 7.75
P4 7.50 8.70 11.00 12.01 6.00 13.21
. . . 2020 2021 2022
Point Observation Satellite Tl (mgL) T2(mgL) TI(mgL) T2(mgL) TI(mglL) T2 (mgL)
P1 1.65 2.50 2.11 2.00 1.90 1.80
P2 6.20 6.30 5.00 6.50 3.31 3.40
P3 6.12 6.20 8.50 8.29 8.10 10.00
P4 9.20 9.40 10.00 10.60 10.20 10.70

In situ data regarding suspended solids were collected at four sampling points within the Krueng Pase watershed,
with P1 located upstream and P4 downstream. The first observation period, encompassing both in situ and satellite
imagery, occurred from April to May, while the second period extended from August to October.

The average TSS concentration, as determined from observational data or field measurements in the Krueng Pase
watershed, was 7.48 mg/L in 2020, 7.32 mg/L in 2021, and 7.65 mg/L in 2022 during period I (T1). For period II
(T2), the TSS concentration was 7.33 mg/L in 2020, 8.305 mg/L in 2021, and 8.955 mg/L in 2022. Water turbidity
increased during the rainy season.

The TSS values derived from satellite imagery using an algorithm developed with 2020 data were recorded as
6.652 mg/L in 2021, 6.402 mg/L in 2021, and 5.877 mg/L in 2022 for Period I (T1). For Period II (T2), the TSS
values were 6.1 mg/L in 2020, 6.847 mg/L in 2021, and 6.475 mg/L in 2022. The validation of observational data
against satellite imagery data (Table 4) yielded a NSE of 0.949 (very good) for Period I and 0.645 (satisfactory) for
Period II. Additionally, the PBIAS test results indicated values of 15.668 (very good) for Period I and 21.0307 (very
good) for Period II.

Table 4. Value interpretation of Nash—Sutcliffe Efficiency (NSE) and Percent Bias (PBIAS)

Time NSE Performance PBIAS Performance
Period I (T1) 0.949  Very Good 15.6685  Very Good
Period IT (T2) 0.645 Satisfying 21.0307 Very Good

As aresult, one significant element was TSS. Physicochemical and biological alterations are a result of deteriorating
water quality. Physical modifications include adding solids (both organic and inorganic materials) to water, which
raises turbidity and further reduces solar entry into water bodies. The NSE is a normalized statistic that determines the
relative magnitude of the residual variance (“noise”) compared to the measured data variance (“information”). The
PBIAS measures the average tendency of the simulated data to be larger or smaller than their observed counterparts.
The NSE value during Period II was classified as satisfactory, indicating good model performance, as values exceeding
0.65 are generally considered acceptable. Prolonged and intense rainfall can significantly increase the pollution load
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due to surface runoff and soil erosion, which transports sediment particles into receiving water bodies. This process
often results in relatively higher turbidity levels than those observed during the dry season.

4.2 Dissolved Oxygen (DO) as Water Quality Indicator

Regarding the DO results, the average DO trend decreased over three years. As illustrated in the chart, the DO
value in 2020 was 7.56 mg/L, which is nearly 7.6 mg/L. It decreased slightly to 7.45 mg/L in early 2021 and then
increased to 7.5 mg/L in the middle of that year. In early 2022, the final year of satellite observation data, the DO
value was 7.23 mg/L, which continued to decline. The DO levels fluctuated between 5 and 15 mg/L annually, with
dry season exhibiting the lowest average concentrations and rainy season the highest, indicating significant seasonal
variability. In the summer season, the value of DO was 7.2 mg/L in 2020 and 2021, and in 2022, it was below 7.1
mg/L. This was quite different in the rainy season, with a high DO value. DO is closely related to water temperature.
The temperature of the water affects its oxygen content.

Dissolved Oxygen (DO) Time Series

—— DO

Dissolved Oxygen (mglL)

FM A M J J A S OND2ZOIF M A M J J A S O ND22@F M A M
Date

Figure 4. Dissolved Oxygen (DO) chart of 2020 to 2022 remote sensing observation
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Figure 5. Average Dissolved Oxygen (DO) distribution in Krueng Pase Watershed in 2020 to 2022
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Figure 6. Dissolved Oxygen (DO) distribution map: (a) DO in 2020; (b) DO in 2021; and (c) DO in 2022

Decreasing DO levels in a body of water indicate the decomposition of organic matter and the production of gas.
However, in Krueng Pase, the DO value did not experience a drastic decrease (Figure 4). However, this reduction
occurred over 3 years, as there was a fluctuation in value without a significant decrease. The average DO distribution
from 2020 to 2021 had a high value of 8.89 mg/L (Figure 5) and mapping of DO distribution (Figure 6). Population
density has led to the opening of new land, which previously had dense vegetation that provided anti-runoff barriers
during the rainy season.

This has led to climate volatility, which could lead to rising surface temperatures and higher rainfall and runoff
intensities, potentially leading to hydrological disasters. Consequently, ecosystem disruption will increase significantly
due to urbanization and climate change. The air quality index can be clearly observed in the increasing trends of
runoff height and rainfall. Water pollution occurs due to the emergence of biota that contaminate water. Furthermore,
soil erosion has resulted in large amounts of river water in already polluted watersheds.

Therefore, based on the DO values, the water levels in the Krueng Pase watershed area were not polluted. The
pollution levels were minimal because the oxygen value was still sufficient, as the solubility of oxygen and the amount
of oxygen in the water increased. As with TSS and DO, both indicators are greatly influenced by agricultural runoff,
so that most of the time during the rainy season, the condition of the vegetated forest area and the agricultural rice
field area in the middle of the Krueng Pase Watershed is disturbed in its ecosystem.

The decreasing trend in oxygen levels within the Krueng Pase Watershed is evident annually. A consistent decline
was observed each year. The highest oxygen level recorded in 2020 was 15.92 mg/L, followed by a decrease to 13.28
mg/L in 2021 and a further significant drop in 2022. This decline negatively impacts the oxygen levels in the water,
hindering the productive survival of marine biota that require a DO value above 5 mg/L. Despite this, in 2022, the
Krueng Pase Watershed still had an area with a DO value of 9.93 mg/L, which was the highest pixel value, indicating
the presence of remaining freshwater zones. Although the lowest DO values in the Krueng Pase Watershed have not
yet fallen below 5 mg/L, several pixels approached this critical threshold.

5 Conclusions

Erosion occurs after a period of heavy rainfall. Sediment is produced by erosion and settles at the bottom of
waterways, canals, and reservoirs. TSS is composed of silt, fine sand, domestic/industrial waste, and microorganisms,
and is carried into water bodies by soil erosion. Suspended and dissolved materials in natural water are typically
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nontoxic. However, if present in large quantities, they can increase turbidity, which eventually prevents sunlight
from penetrating the water column and affects photosynthesis. Based on these findings, it can be concluded that
the sediment yield can be calculated annually using the MUSLE formula as an empirical formula. The calculated
value of sediment at the four locations using satellite observations and field measurements was then supported by
the estimated value of suspended solids. The amount of suspended sediment along the watershed had a range of
values less than 14 mg/L, showing results categorized as very good and satisfying in the NSE accuracy test results. In
the accuracy test, the PBIAS results showed that both the dry and rainy seasons were categorized as very good. To
strengthen the estimation of water quality using other parameters, the calculation of DO values alone is sufficient to
indicate the water conditions in the Krueng Pase. This occurs when DO is estimated using water temperature and chl-a
parameters, and DO results exceeding 5 mg/L indicate water capable of supporting a healthy aquatic environment for
aquatic biota. Satellite imagery-based algorithms for sedimentation and DO values provide valuable data for land
and water management planning. Mapping the distribution of sedimentation and DO as key water quality indicators
facilitates evidence based decision making and policy development, helping to ensure the long-term sustainability of
the watershed ecosystem.
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