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Abstract

Inland lakes across the United States are increasingly impacted by nutrient pollution, sedimentation,
and algal blooms, with significant ecological and economic consequences. While satellite-based
monitoring has advanced our ability to assess water quality at scale, many lakes remain analytically
underserved due to their spatial heterogeneity and the multivariate nature of pollution dynamics.
This study presents an integrated framework for detecting spatiotemporal pollution patterns using
satellite remote sensing, trend segmentation, hierarchical clustering and dimensionality reduction.
Taking Horseshoe Lake (Illinois) as a case study, we analyzed Sentinel-2 imagery from 2020-2024 to
derive chlorophyll-a (NDCI), turbidity (NDTI), and total phosphorus (TP) across five hydrologically
distinct zones. Breakpoint detection and modified Mann-Kendall tests revealed both abrupt and
seasonal trend shifts, while correlation and hierarchical clustering uncovered inter-zone
relationships. To identify lake-wide pollution windows, we applied Kernel PCA to generate a
composite pollution index, aligned with the count of increasing trend segments. Two peak pollution
periods, late 2022 and late 2023, were identified, with Regions 1 and 5 consistently showing high
values across all indicators. Spatial maps linked these hotspots to urban runoff and legacy impacts.
The framework captures both acute and chronic stress zones and enables targeted, seasonal
diagnostics. The approach demonstrates a scalable and transferable method for pollution monitoring
in morphologically complex lakes and supports more targeted, region-specific water management
strategies.

Keywords: inland lake water quality; remote sensing; spatiotemporal analysis; ecological stress
mapping; kernel PCA

1. Introduction

In the U.S,, there are over 123,000 lakes larger than 4 ha, plus countless smaller ones that
dominate in number and collectively span approximately 9.5 million hectares [1]. These water bodies
serve as ecological hotspots, providing critical services such as flood retention, recreation, and
biodiversity support, while also boosting local economies and community well-being [1,2]. However,
many of these lakes are increasingly threatened by nutrient pollution, sedimentation, and harmful
algal blooms, often resulting from upstream land-use practices and legacy contaminants [3,4]. Water
pollution, particularly nutrient-driven degradation, is estimated to cost the U.S. economy over $4.3
billion annually in water treatment, property devaluation, and lost recreational use [5]. Most inland
lakes often remain under-monitored due to their spatial complexity, seasonal variability, and the high
cost of maintaining traditional in-situ water quality networks [2,4]. These challenges highlight the
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growing need for scalable, cost-effective data collection methods and processing techniques to
support proactive lake management in a changing climate [6,7].

Satellite remote sensing has significantly enhanced our ability to monitor the health of inland
lakes [8,9]. Multispectral satellite missions such as Sentinel-2 and Landsat-8/9 allow for the extraction
of key water quality indicators at high spatial and temporal resolutions [10-12]. The emergence of
cloud-based platforms, such as Google Earth Engine (GEE) [13], NASA’s AppEEARS [14], and
OpenET [15], has further expanded the accessibility, processing efficiency, and analytical potential of
satellite-derived data. In recent years, researchers have increasingly combined these technologies to
assess and visualize lake water quality across space and time. For example, Landsat imagery has been
used for chlorophyll and organic matter retrieval [16-18], while Sentinel imagery has been applied to
assess spatial and temporal trends in chlorophyll-a [19-21]. These studies have laid valuable
groundwork for satellite-based lake monitoring. However, relying on a single parameter can limit
our understanding of the multiple, interacting factors that contribute to water quality degradation.
This is particularly true for urban inland lakes, where water conditions are shaped by a complex mix
of industrial discharge, stormwater runoff, and nutrient inputs from surrounding land uses [22,23].

In response, recent research has begun to incorporate multiple indicators such as turbidity and
total phosphorus to provide a more complete picture of lake health [24-26]. This multi-parameter
approach allows for a more realistic assessment of pollution dynamics in complex lake environments
[27]. However, many studies still rely on basic trend detection methods like linear regression or the
Mann-Kendall test, which assume gradual changes over time [28-30]. As a result, they may overlook
sudden pollution spikes, regime shifts, or seasonal disruptions that are critical for early warning and
targeted management [31,32]. Moreover, not accounting for temporal autocorrelation can lead to
misinterpretation of trend strength or significance [32]. These gaps highlight the need for more
refined methods that can detect abrupt changes and capture both short-term variability and long-
term patterns in water quality.

Many inland lakes, especially larger or oxbow types, are not spatially uniform. Natural
landforms, engineered barriers, or variable inflow sources often divide them into distinct sub-basins.
These divisions lead to localized regimes shaped by different levels of industrial discharge,
stormwater runoff, agricultural input, and sedimentation. Treating such systems as homogeneous
can obscure important spatial patterns and mislead intervention strategies [33,34]. In these cases,
traditional time-series analyses with multiple water quality parameters may also fall short. There is
a growing need to complement them with spatially-aware approaches that account for intra-lake
heterogeneity and detect zone-specific trends [35,36]. To better capture these internal dynamics,
researchers have applied techniques such as pixel-based trend analysis [37,38], zonal averaging
[39,40], moving window statistics [41,42], and region-specific comparisons [43,44]. While useful, these
methods often rely on predefined spatial units and may miss shared or emergent pollution dynamics
across regions [45-48]. This challenge becomes more complex when multiple water quality
parameters are tracked together over long periods [6]. For effective lake management and policy
planning, it is essential to move beyond isolated parameter analysis and instead synthesize
multivariate time series into an integrated framework that reflects overall ecological stress. To
address this, researchers have used techniques such as Self-Organizing Maps (SOMs) [49,50],
Multivariate Autoregressive Models (MARs) [51,52], and index-based aggregations [53,54]. However,
these methods often fall short in detecting synchronized change events across parameters and space,
or in identifying the most critical time windows for intervention [55,56]. This creates a methodological
gap, particularly for spatially heterogeneous lakes, that calls for more integrative and spatially
dynamic approaches to pollution monitoring and decision-making.

In the current study, we address these methodological and monitoring challenges by developing
an integrated framework for long-term water quality assessment in spatially heterogeneous lakes. To
capture localized pollution, we divide the lake into physically distinct zones and analyze region-
specific time series of chlorophyll (NDCI), turbidity (NDTI), and total phosphorus (TP). To overcome
the limitations of basic trend methods, we apply breakpoint detection and modified Mann—-Kendall
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tests that can capture both gradual changes and abrupt shifts. To better understand inter-zone
relationships and ecological synchronization, we use correlation analysis and hierarchical clustering
to detect temporal alignment and spatial similarity. Finally, to move beyond isolated trends and
identify lake-wide pollution events, we employ Kernel PCA to reduce multivariate time series into a
composite pollution index, which is overlaid with trend counts to pinpoint critical periods of
ecological stress. Using Horseshoe Lake in Madison County, Illinois as a case study, this framework
demonstrates a scalable and transferable approach that combines satellite remote sensing, zone-wise
analytics, and advanced statistical tools to support pollution detection.

2. Materials and Methods

2.1. Study Area

Horseshoe Lake is a shallow oxbow lake (~2 meters average depth) located in the Mississippi
River floodplain in Granite City, Madison County, Illinois, approximately 2 miles east of the river
and 4 miles from St. Louis. The lake spans ~2,100 acres, including Walkers Island, and plays a vital
role in flood retention, recreation, and wildlife habitat. As presented in Figure 1, the lake is physically
divided into five distinct regions by visible natural and constructed separations, allowing for regional
differentiation in water quality conditions. Stormwater runoff from Granite City enters the lake
through three culverts: one at the north end (from Nameoki Ditch), two at the northeast end (from
Elm Slough and Long Lake), and nine culverts at the east end (discharging agricultural runoff). In
addition, Granite City Steel historically drew intake water from the Mississippi River and discharged
up to 25 million gallons per day (mgd) of treated effluent into the lake’s west side [57,58]. Occasional
flood water diversions also arrive from the Cahokia Drainage Canal, and runoff from surrounding
areas contributes further.

2.2. Data and Tools Used

2.2.1. Data Used

In this study, we used the Sentinel-2 Surface Reflectance Harmonized (52_SR_HARMONIZED)
dataset available on Google Earth Engine, covering the period from January 2020 to December 2024
[59]. The dataset is part of the Copernicus Program operated by the European Space Agency and, as
shown in Table 1, provides multispectral imagery with spatial resolutions ranging from 10 to 60
meters. With a revisit frequency of approximately five days, it enables consistent monitoring of
surface water bodies. The imagery includes atmospherically corrected surface reflectance values,
making it well-suited for water quality assessments over time.

Table 1. Sentinel-2 S2_SR_HARMONIZED Spectral Bands and Characteristics.

Band Band Band Central Spatial
Name Number Description Wavelength (nm) Resolution (m)
B1 Band 1 Coastal aerosol 443 60
B2 Band 2 Blue 490 10
B3 Band 3 Green 560 10
B4 Band 4 Red 665 10
B5 Band 5 Red edge 1 705 20
B6 Band 6 Red edge 2 740 20
B7 Band 7 Red edge 3 783 20
B8 Band 8 NIR (Near-Infrared) 842 10
BSA Band 8A Narrow NIR 865 20
B9 Band 9 Water vapor 945 60
B11 Band 11 SWIR 1 (Short-Wave Infrared) 1610 20
B12 Band 12 SWIR 2 2190 20
QA60 - Cloud mask bitmask - 60
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2.2.2. ArcGIS Pro

Esri ArcGIS Pro 3.2 is a widely used desktop GIS software for spatial analysis and mapping [60].
In this study, it was used to develop and manage the spatial framework. Horseshoe Lake was divided
into eight physically distinct zones, based on separations observed in high-resolution basemaps and
satellite imagery. ArcGIS Pro facilitated the creation of reference maps and the assignment of spatial
attributes to satellite-derived water quality data. It also supported the export of zone-level shapefiles
for use in water quality assessment within Google Earth Engine and statistical analysis in Google
Colab. Overall, the platform enabled essential spatial operations and streamlined the geospatial
workflow.

2.2.3. Google Earth Engine (GEE)

Google Earth Engine (GEE) is a cloud-based geospatial platform used in this study for satellite
image retrieval, processing, and time-series compositing [13]. GEE allowed efficient access to multi-
temporal, multi-spectral satellite datasets. Sentinel-2 satellite data from 2020 to 2024 was fetched for
the analysis. Cloud masking was performed using the QA60 bitmask approach, which excludes pixels
affected by clouds and cirrus contamination to improve the accuracy of water quality parameter
estimation [62,63]. Using GEE’s JavaScript interface, indices such as NDVI, NDTI, and TP were
computed across the predefined lake zones. The platform significantly reduced preprocessing time
and eliminated the need for local storage, streamlining the analysis.

2.2.4. Programming Interface

This study used Google Colab, a free cloud-based Python development environment, to conduct
time-series analysis, principal component analysis (PCA), correlation analysis, and hierarchical
clustering [64]. Python (v3.10) and widely used libraries, including Pandas (v1.5.3) [65], NumPy
(v1.22.4) [66], SciPy (v1.10.1) [67], Scikit-learn (v1.2.2) [68], Matplotlib (v3.7.1) [69], and Seaborn
(v0.12.2) [70], were employed to perform breakpoint detection, trend estimation, and statistical
pattern recognition. This programming workflow ensured reproducible and scalable analysis and
enabled seamless integration with spatial datasets from ArcGIS Pro [60] and Google Earth Engine
[61].

2.3. Methodology

This study used Sentinel-2 MSI satellite imagery from 2020 to 2024 to analyze long-term
spatiotemporal patterns in water quality across Horseshoe Lake. The methodology flow diagram is
presented in Figure 2. Cloud-contaminated pixels were removed using the QA60 bitmask approach,
ensuring clean and consistent observations. This method is widely used in remote sensing and is
particularly effective for studies requiring high temporal reliability and data accuracy [61,62,71]. The
resulting multitemporal image collection was used to derive key water quality indices. Three
satellite-derived indicators, NDCI, NDTL and TP, were calculated and organized into time series for
each of the lake’s predefined zones [72-74]. These time series were used in multiple analytical steps.
First, breakpoint detection was performed using the Dynamic Programming (Dynp) algorithm to
identify significant changes in water quality trends [76,77]. Each segmented trend was analyzed using
the Mann-Kendall test with Yue-Wang modification to classify it as increasing, decreasing, or non-
significant [78,79]. These trends were then aggregated and analyzed seasonally, annually, and
monthly. Second, correlation analysis was conducted on both raw time series and trend summaries
to examine temporal synchronization and variability among regions. These results supported the
identification of inter-index relationships and seasonal patterns. Third, hierarchical clustering was
applied to group zones with similar water quality profiles, allowing for spatial classification based
on pollutant behavior [80]. In parallel, PCA and trend count analysis were employed to reduce
dimensionality and identify key timestamps representing high pollution periods [81]. These
timestamps were used to generate representative water quality maps. Together, these integrated
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analyses provided a detailed understanding of water quality dynamics, pollution intensity peaks,
and spatial clustering, offering valuable insights for long-term lake monitoring and management.

Sentinel-2 MS| Dataset
(2020-2024)

|

i

INDCI, NDTI & TP Timeseries

Multitemporal
Image Collection ™~
Water Quality Maps
Selected Timestamps
Annual, Seasonal
and Monthly Temporal Variability
Trend Distribution Trend Associations Lake Zones

Figure 2. Flow chart of the methodology.

2.3.1. Water Quality Indices

To assess lake water quality using satellite imagery, we selected three indicators that are
commonly applied in aquatic remote sensing, namely the NDCI, NDTI, and TP. These indices help
quantify biological productivity, turbidity, and nutrient enrichment, respectively.

e  NDCI (Equation 1) estimates chlorophyll-a concentration and detects algal blooms by combining

Sentinel-2 Band 5 (red-edge, B5) and Band 4 (red, B4). Areas with high values indicate elevated

phytoplankton activity [72].

NDCI = (B5 - B4)/(B5 + B4) 1)

e  NDTI (Equation 2) measures turbidity and suspended sediment levels using Sentinel-2 Band 4
(red, B4) and Band 3 (green, B3). Higher NDTI values typically correspond to poor water clarity
due to sediment load [73].

NDTI = (B4 - B3)/(B4 + B3) @)

e TP (Equation 3) is derived from regression-based models using Sentinel-2 reflectance values,
particularly Band 4 (red, B4) and Band 8 (NIR, BS), and represents nutrient loading that
contributes to eutrophication [74,75].

TP = ((B4/65536) + (B8/65535)) / 2 3)

2.3.2. Break Point and Trend Analysis

In all five regions of Horseshoe Lake, we conducted breakpoint and trend analysis using NDCI,
NDTI, and TP observations from 2020 to 2024. The goal was to examine how water quality changed
over time. We used the Dynp algorithm from the ruptures library to detect breakpoints [76,77]. These
breakpoints mark points where significant changes occurred in the time series and are useful for
identifying multiple shifts in long and noisy datasets. Each segment between the breakpoints was
then analyzed using the Mann-Kendall test with the Yue-Wang modification [78], further supported
by the pyMannKendall package [79]. This version of the test corrects for autocorrelation, which helps
improve the accuracy of trend detection in environmental data. Trends were categorized as
increasing, decreasing, or non-significant. We calculated how long each trend type lasted in days and
grouped these durations by year, season, and month. Finally, we converted the results into
percentages and used bar plots to show seasonal and long-term patterns in water quality across the
lake.
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2.3.3. Time Series & Trends Correlations

To assess how water quality patterns vary across Horseshoe Lake, we conducted correlation
analysis using both raw time-series data and long-term trends. Regional time series for key
parameters (NDCI, NDTI, TP) were arranged into pivot tables, and Pearson correlation coefficients
were used to measure similarity in temporal patterns between zones [82,83]. For trend analysis, we
used pre-labeled directional trends (increasing, decreasing, or non-significant) from earlier time-
series analyses. These trends were converted into numeric values (+1, -1, 0) and averaged by year to
allow comparison across regions [84]. We then created correlation matrices to explore how consistent
or different the trends were across zones. Heatmaps helped visualize these relationships, offering
insight into both short-term patterns and long-term changes in water quality.

2.3.4. Hierarchical Clustering for Regional Grouping

To identify which zones of Horseshoe Lake are more or less affected by water quality issues, we
applied hierarchical clustering using NDCI, NDTI, and TP time series as input features. For each
zone, the median value of these parameters was calculated to represent overall conditions during the
study period. The median was chosen over the mean to reduce the influence of short-term
fluctuations and outliers. Before clustering, all values were standardized using z-score normalization
to ensure that each parameter contributed equally to the analysis [85]. We used Ward’s linkage
method, which forms clusters by minimizing the variance within each group [86]. This method was
selected because it tends to produce compact, well-separated clusters, making it particularly suitable
for identifying distinct patterns in environmental data across lake zones. A dendrogram was created
to visualize how regions group together based on their water quality profiles. We used the Silhouette
score [87] and Davies-Bouldin score [88] to evaluate the separation between clusters. The Silhouette
score measures how similar each region is to its own cluster compared to others, with higher values
indicating better-defined groups. The Davies-Bouldin score reflects intra-cluster compactness and
inter-cluster separation, where lower values suggest more distinct and tighter clusters.

2.3.5. PCA & Trend Count Analysis for Maximum Pollution Windows

To identify the period of maximum pollution across all lake zones, we conducted a composite
analysis that combined PCA with the count of increasing trend segments. Region-wise time series
data were first reshaped into a consistent format containing 15 variables (three indicators across five
regions). We used Kernel PCA (K-PCA) to reduce the dataset’s dimensionality and extract a single
composite index (PC1) that reflects overall pollution levels [89]. K-PCA is a powerful technique for
reducing dimensionality while capturing complex, nonlinear relationships in multivariate data [90].
The key parameters used in K-PCA included the kernel type, set to rbf, the number of components
(n_components = 3), gamma (y = 0.1) to control the curvature of the mapping, and coef0 = 10 to adjust
the offset in the kernel function. These settings enabled effective dimensionality reduction while
preserving nonlinear patterns across the 15 water quality time series. We then plotted PC1 over time
and overlaid it with the number of regions simultaneously showing increasing trends. The periods
where high PC1 values coincided with peak counts of increasing segments were identified as the
lake’s maximum pollution periods. This integrated method allowed us to capture both the intensity
and timing of water quality degradation with improved clarity.

2.3.6. Spatial Mapping for High-Pollution Windows

To assess spatial pollution patterns during the two high-pollution windows, we used ArcGIS Pro
(version 3.2) [60] to calculate and map the average values of NDCI, NDTI, and TP across the five regions
of Horseshoe Lake. Satellite images corresponding to the selected high-pollution periods were
downloaded, and the Cell Statistics tool with the mean function was applied to compute the average of
all satellite images for each pollution window. The results were then visualized as spatial distribution
maps for each parameter and time window, highlighting spatial variability in pollution intensity.
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3. Results

3.1. Time Series Extraction of Water Quality Indicators

Horseshoe Lake, a shallow inland water body surrounded by agricultural land and urban
development, is particularly vulnerable to nutrient-rich runoff, sediment loading, and algal proliferation.
These processes contribute to episodic increases in chlorophyll-a, turbidity, and phosphorus, key
indicators of eutrophication and declining water quality. To evaluate these dynamics, the current study
utilized NDCI, NDTI, and TP indices. A five-year stack of Sentinel-2 MSI imagery (2020-2024) was
processed in Google Earth Engine. Cloud-contaminated pixels were masked using the QA60 bitmask, and
image data were spatially extracted for each of the lake’s five zones. For each zone, we computed mean
index values per image, generating time series with a nominal 5-day revisit interval. Figure 3 presents the
time series of NDCI, NDTI, and TP across all zones. These subplots reveal distinct seasonal patterns and
inter-annual variability in water quality. Notably, certain regions exhibit consistently higher turbidity
(region 5) or chlorophyll (regionl) concentrations, reflecting localized sources of disturbance or
stagnation. The QA60 masking was validated through visual inspection and temporal stability checks
during known cloudy periods, ensuring reliable time series inputs for subsequent analyses. To assess the
distribution and variability of water quality conditions, we generated box-and-whisker plots (Figure 4)
for NDCI, NDTI, and TP across the five lake zones. Region 1 had the highest NDCI median (0.083) and
upper quartile (Q3) value (0.2065), indicating elevated chlorophyll concentrations, while Region 5
recorded the lowest median (0.0305). NDTI medians followed a similar trend, with Region 1 at —0.0510
and Region 5 close to zero (-0.0025), suggesting clearer water in the lake’s peripheral zones. TP values
peaked in Region 5, with a median of 0.1875 and a maximum of 0.412, while Region 2 had the lowest
median (0.0460). Overall, Regions 1 and 5 consistently showed higher pollution levels across all indicators,
marking them as potential hotspots for eutrophication and turbidity.
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Figure 3. Time series of NDCI (green), NDTI (orange), and TP (blue) across five regions of Horseshoe Lake from
2020 to 2024.
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Figure 4. Box-and-whisker plots showing the distribution of NDCI, NDTI, and TP values across the five regions
of Horseshoe Lake. Colors indicate different regions: Region 1 = teal, Region 2 = orange, Region 3 = blue, Region
4 = pink, and Region 5 = green.

3.2. Trends in Water Quality Parameters

Figures 5, 6, and 7 present a comprehensive assessment of water quality trends in Horseshoe
Lake from 2020 to 2024 using NDCI, NDTIL and TP, respectively. Each figure includes two sets of
subplots. The first set presents region-specific time series with breakpoints and trend segments
classified as increasing, decreasing, or not significant. The second set summarizes trends at annual,
seasonal, and monthly levels. These visualizations help explain the spatial (region-wise) and
temporal changes in water quality.

e  Trends in NDCI: The left part of Figure 5 shows NDCI trend segments across five lake regions.
Region 1 experienced a fairly balanced sequence of increasing and decreasing trends, with a few
non-significant periods. It shows recurring fluctuations, especially between 2021 and 2023.
Region 2 started with short-term declines, followed by frequent alternating increases and
decreases. Region 3 showed higher variability, with short trend segments and more frequent
declines during 2021-2023. Region 4 had longer periods of consistent decline, especially from
mid-2020 to late 2022, with limited signs of recovery. In contrast, Region 5 experienced some of
the longest periods of both increase and decrease. It showed extended rises in NDCI during 2022
and early 2024, followed by a decline through the end of the study period. The right set of
subplots summarizes trend distributions across annual, seasonal, and monthly scales for NDCI.
Annually, decreasing trends dominated in 2020 and 2023, while 2021 and 2022 showed more
frequent increases. Seasonally, fall had the strongest NDCI declines, with 86% of periods
showing decreasing trends. Spring and summer displayed a mix of increases and decreases.
Winter recorded the highest share of increasing trends at 58%. Monthly patterns followed these
trends, with February and July showing peaks in increases, while September and October were
entirely marked by declines.

e  Trends in NDTI: The left side of Figure 6 shows NDTI trends from 2020 to 2024 across the five
lake regions. Region 1 had a mix of trends, with several short periods of increase and a few
longer decreasing segments, showing alternating turbidity behavior. Region 2 showed mostly
increasing trends early on, but more decreasing periods appeared between 2021 and 2023. A few
increases returned in 2024. Region 3 was the most dynamic, with many short segments and a
balance of increases and decreases. However, there was a cluster of persistent increases from
late 2022 through 2024. Region 4 was dominated by long periods of decreasing turbidity from
2021 to 2023, followed by several shorter increases, suggesting recovery followed by new
disturbances. Region 5 had the most consistent increases, especially in 2020, late 2022, and
throughout 2024. The right panel of Figure 6 shows NDTI trends by year, season, and month. In
2020 and 2023, increasing trends were most common, reaching up to 59%. In 2021 and 2024,
decreasing trends were more frequent, reaching 55% to 58%. Spring had the highest share of
decreasing trends at 74%. Fall showed the most increasing trends at 77%. Summer had a mix of
both. Winter showed nearly equal shares of increases and decreases. At the monthly level, April
and May had the strongest decreases, with up to 88%. August, October, and November showed
the highest increases.
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e  Trends in TP: The left panel of Figure 7 shows TP trends in Horseshoe Lake from 2020 to 2024.
Region 1 had mostly increasing trends throughout the period, with short declines in late 2020
and mid-2021. Region 2 showed a mix of patterns, with early increases, mid-period declines, and
more increases in 2024. Region 3 started with mostly increasing and non-significant trends, but
showed consistent declines in mid to late 2022 and again in 2024. Region 4 had an early
increasing phase, followed by a long declining trend from mid-2021 to late 2023, then returned
to short increases and stable periods. Region 5 showed the most prolonged and consistent
increases, especially from early 2020 and again in late 2023 to the end of 2024, with only a few
brief declining periods. The right of Figure 7 panel summarizes annual, seasonal, and monthly
TP trends. In 2020, increasing trends were highest at 59%. In 2021 and 2022, decreasing trends
were more common, peaking at 66% in 2022. Increases returned in 2023 and 2024. Summer had
the highest share of decreasing trends at 64%. Fall showed the most increasing trends at 72%.
Spring and winter had more balanced patterns. Monthly trends followed this pattern. June and
September had the strongest decreases. October and November showed the highest increases,
close to 100%. February and August had more non-significant trends.

Overall, the trends in NDCI, NDTI, and TP show both short-term variability and longer-term
shifts in water quality across Horseshoe Lake. These patterns reflect seasonal cycles, spatial
differences, and the need for continued monitoring to guide local management and restoration
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Figure 5. Time series of NDCI for the five Horseshoe Lake regions with detected breakpoints and classified trend
segments (2020-2024). Trend colors indicate direction: red = increasing, blue = decreasing, and black =non-
significant. This color scheme is applied consistently to both the time-series trend segments (left panels) and the
bar plots (right panels), where the bars summarize the relative proportion of each trend category across years,

seasons, and months.
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Figure 6. Time series of NDTI for the five Horseshoe Lake regions with Breakpoints and Trend Lines from 2020
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Figure 7. Time series of TP for the five Horseshoe Lake regions with Breakpoints and Trend Lines from 2020 to
2024.

3.3. Time Series & Trends Correlations

Figure 8 summarizes correlation matrices for both raw time series and trend-segmented values of
NDCI, NDTI, and TP across the five lake regions. For the raw time series, NDCI and TP show consistently
high correlations across most region pairs. In contrast, NDTI displays more varied and weaker
associations. TP raw values exhibit strong alignment among all regions, with most correlation coefficients
above 0.9. This reflects the lake-wide influence of nutrient-rich inflows and sediment resuspension that
broadly affect phosphorus concentrations. NDCI raw values also show moderate to strong agreement,
particularly between Region 2 and Regions 3 and 5. This suggests shared biological responses in adjacent
zones influenced by common hydrological inputs. NDTI raw correlations drop substantially for Region 5
when compared with other zones. This is likely due to persistent turbidity stress from multiple
agricultural culverts and shallow bathymetry that create localized sediment resuspension dynamics. For
trend-based values, the correlation structure is more differentiated. NDCI trend correlations cluster more
strongly among adjacent regions, such as Regions 2 and 3 or Regions 3 and 4. This shows that
phytoplankton activity is synchronized in hydrologically connected zones. Isolated areas respond more
independently. NDTI trend relationships are concentrated between Regions 2, 3, and 4. Correlations are
near zero elsewhere. This pattern is consistent with shared stormwater inputs and sediment dynamics in
the eastern and central portions of the lake. TP trend correlations remain moderate to high among Regions
1,2, and 3. These areas receive steady nutrient inputs from urban and industrial inflows. Region 4 shows
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weaker alignment with others, reflecting its relative isolation and different inflow sources. Overall, these
patterns indicate that while phosphorus and chlorophyll are influenced by lake-wide drivers, turbidity is
more localized and spatially heterogeneous, tied closely to site-specific inflows and sediment conditions.

NDCI Original Value Correlation

NDTI Original Value Correlation

TP Original Value Correlation
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Figure 8. Correlation matrices of NDCI, NDTI, and TP across five lake regions in Horseshoe Lake from 2020 to
2024. The top row shows Pearson correlation coefficients for raw time series values. The bottom row shows

correlations based on segmented trend values.

3.4. Hierarchical Clustering for Regional Grouping

As shown in Figure 9, hierarchical clustering grouped the five regions of Horseshoe Lake into three
clusters based on their median values of NDCI, NDTI, and TP. The dendrogram illustrates similarity
among regions, where lower linkage distances indicate stronger resemblance in water quality profiles.
Regions 1 and 2 clustered together at a distance of 0.8, reflecting comparable conditions with moderate
chlorophyll, low turbidity, and low phosphorus. Regions 4 and 5 merged at 1.3, both characterized by low
chlorophyll but elevated turbidity and phosphorus. Region 3 joined the 1-2 cluster at 2.6, indicating
intermediate conditions that partly overlap with the urban-influenced zones. The final division occurred
at 4.2, separating the (1-2-3) group from the (4-5) group and highlighting a distinct nutrient-turbidity
regime in the southeastern portion of the lake. Cluster validity indices (Silhouette = 0.26, Davies—Bouldin
= 0.42) indicate moderate separation, suggesting that while clusters are distinguishable, inter-regional
overlap persists due to shared but unevenly distributed pollution drivers.

Hierarchical Clustering Dendrogram

Distance

: [

Region 4 Region 5 Region3 Region1l Region 2
Regions

Figure 9. Hierarchical clustering of HSL regions based on NDCI, NDTI, and TP (2020-2024).
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3.5. PCA & Trend Count Analysis for Maximum Pollution Windows in HSL Lake

To identify a common window of maximum pollution across all lake regions, we first used
Kernel PCA (K-PCA) to combine NDCI, NDTI and TP indicators across all the five regions into one
composite index. As presented in Figure 10, the first principal component (PC1) captured about 80%
of the total variance, making it a strong summary of overall water quality stress. We then counted
the number of increasing trend segments across all regions to find when pollution was rising at
multiple locations. Two time windows showed both high PC1 values and a high number of increases:

e 31 Dec 2022 - 15 Jan 2023: During this period, PC1 values stayed above 4.0, with a peak of 4.7.
This shows strong pollution across chlorophyll, turbidity, and phosphorus. The number of
increasing segments reached 11, the highest in the full time series. This suggests a fast and steady
rise in pollution indicators.

e 24 Nov 2023 - 10 Jan 2024: In this window, PC1 values stayed high (between 3.5 and 4.1). The
increasing trend count remained between 9 and 10. This shows a longer-lasting pollution event
with steady upward changes in water quality indicators.

This result shows that combining PC1 with trend counts can detect both short pollution spikes
and longer-lasting events. This method can improve how we monitor pollution over time and
support early warning for harmful algal blooms in Horseshoe Lake.
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Figure 10. Composite Pollution Metric (PC1) and Increasing Trend Segments Over Time (2020-2024), Including
Explained Variance Ratio from K-PCA Analysis.

3.6. Regional Water Quality Patterns During Pollution Peaks

Spatial distributions of NDCL NDTI, and TP during the two identified pollution windows
provide insights into how different regions of Horseshoe Lake responded to peak water quality
stress. These patterns are illustrated in Figure 11 (for the first window: 31 Dec 2022 - 15 Jan 2023) and
Figure 12 (for the second window: 24 Nov 2023 — 10 Jan 2024).

e 31Dec 2022 -15 Jan 2023: The NDCI map shows high chlorophyll levels in Region 1 and Region
5 (green areas), indicating strong algal activity. Region 2 has moderate values, mostly in its
southern part. Region 3 records the lowest NDCI (purple), suggesting clearer water. Region 4
shows a mix of low and moderate values. These patterns suggest that biological stress was
highest in the southern and southeastern zones, aligning with the PC1 pollution peak. The NDTI
map highlights elevated turbidity in Region 5, likely from sediment or surface runoff. Region 4
has small patches of moderate turbidity. Regions 1, 2, and 3 mostly show low values (purple),
reflecting clearer conditions. This suggests turbidity stress was concentrated in Region 5. TP
values were also highest in Region 5 and parts of Region 4. These areas likely received nutrients
from nearby agriculture or disturbed sediments. In contrast, Regions 1, 2, and 3 show low
phosphorus levels. Together, these findings show that nutrient and turbidity-related pollution
was localized in the southeastern part of the lake.

e 24 Nov 2023 - 10 Jan 2024: During this period, high NDCI values appear in Region 1 and parts
of Region 5, indicating strong algal growth. Region 3 has the lowest chlorophyll levels, while
Regions 2 and 4 show moderate values with a few high-value patches. The spatial spread points
to increased biological stress in the southern and southeastern lake zones. Turbidity was again
highest in Region 5, shown by green areas on the NDTI map. Region 4 has moderate turbidity,
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while the rest of the lake (Regions 1, 2, and 3) shows lower values. This indicates that physical
disturbance was concentrated in Region 5. The TP map shows a similar pattern. Regions 4 and
5 had the highest phosphorus levels, suggesting nutrient inputs from runoff or sediments. The
other regions remained low in TP. The overlap of high NDCI, NDTL and TP confirms a strong,
localized pollution hotspot in the southern zones during this window.
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Figure 11. Spatial distribution of NDCI, NDTI, and TP during the first high-pollution window (31 Dec 2022 - 15
Jan 2023).
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Figure 12. Spatial distribution of NDCI, NDTI, and TP during the second high-pollution window (24 Nov 2023
—10 Jan 2024).

4. Discussion

The five-year analysis of Horseshoe Lake offers critical insight into the complex hydrological,
ecological, and anthropogenic drivers shaping water quality variability in shallow floodplain lakes.
By leveraging Sentinel-2 satellite data and advanced statistical techniques, this study captures both
temporal dynamics and spatial heterogeneity in key water quality indicators. The following insights
carry important implications for long-term monitoring, predictive modeling, and adaptive lake
management strategies.
¢  Regional Drivers of Pollution and Spatial Heterogeneity: Horseshoe Lake is situated within

the American Bottom watershed, a floodplain of the Mississippi River where land use is

dominated by urban development and agriculture. The land cover distribution (Figure 13)

provides critical context for interpreting spatial patterns in water quality. The consistently high

chlorophyll levels in the north are best understood as a consequence of stormwater culverts
draining Granite City into Region 1. This aligns with the elevated NDCI values and recurring
increases in high chlorophyll concentration we observed, showing how concentrated urban
inflows shape ecological conditions in that part of the lake. On the eastern margin, croplands
surround Region 5 and deliver multiple agricultural discharges. This landscape setting helps
explain why Region 5 emerged as the most persistent hotspot of turbidity and phosphorus
enrichment. The combination of nutrient-rich inflows, shallow bathymetry, and sediment
resuspension reinforces a chronic stress regime that was evident across multiple indicators and
time windows. The western side of the lake has a different trajectory. Historically, industrial
effluent from Granite City Steel (later Granite City Works) contributed a distinct loading source

[57,58]. With operations now idled and discharges halted, this industrial signature has largely

disappeared. As a result, Horseshoe Lake has become more strongly dependent on stormwater,

agricultural runoff, and seasonal snowmelt as its external drivers of change. Inflows from Elm

Slough, Long Lake, and the Cahokia Drainage Canal further reinforce the connectivity between
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watershed processes and lake dynamics, producing spatial synchrony among several central
and eastern regions. Together, these patterns underscore the importance of considering both
landscape context and hydrological connectivity in explaining water quality variation. The land
cover map highlights how urban, agricultural, and historical industrial zones each leave distinct
ecological fingerprints on different parts of the lake. This reinforces the need for region-specific
management rather than a uniform intervention strategy.
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Figure 13. Land Cover and Hydrological Context of Horseshoe Lake within the American Bottom.

e Temporal Disruption and Seasonality in Trends: Breakpoint detection revealed that water
quality does not follow simple linear trajectories but is punctuated by abrupt changes. These
shifts are often triggered by episodic storm events, flood diversions, or seasonal nutrient pulses.
Seasonal trend summaries confirmed that fall and winter are periods of elevated risk, with
frequent increases in turbidity and phosphorus even when algal activity is less visible. Such
“latent stress” periods underscore the limitations of summer-centric monitoring campaigns and
highlight the importance of year-round satellite-based assessments.

e Inter-Zonal Synchronization and Spatial Clustering: Correlation analysis and hierarchical
clustering demonstrated that not all regions respond uniformly to external pressures. Regions 1
and 2 exhibited similar water quality behavior, reflecting shared exposure to urban runoff.
Regions 4 and 5 consistently clustered together, reflecting common nutrient and turbidity stress
from agricultural inflows and shallow bathymetry. Region 3 stood apart as a transitional zone,
influenced by mixed inputs but buffered relative to the more polluted zones. These findings
emphasize that lake-wide interventions may overlook critical spatial heterogeneity, and that
tailored management strategies are required at the sub-regional scale.

¢ Implications for Monitoring and Adaptive Management: The integrated framework of this
study, combining satellite remote sensing, statistical segmentation, clustering, and
dimensionality reduction, provides a scalable model for monitoring complex inland lakes. The
land cover map (Figure 13) strengthens this framework by spatially linking regional water
quality dynamics with surrounding land-use drivers and inflow points. Importantly, the decline
of industrial inputs from Granite City Works signals a new era in Horseshoe Lake’s hydrology,
one where stormwater, agricultural runoff, and snowmelt dominate external loading. This
transition reinforces the need for adaptive management strategies that prioritize watershed-
scale interventions, control of nutrient-rich runoff, and enhanced resilience under climate-driven
increases in extreme precipitation.
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In sum, the integration of satellite observations, trend analytics, hierarchical clustering, and land
cover mapping provides a robust and transferable framework for lake monitoring. This case study
illustrates how openly available satellite data and cloud-based platforms such as Google Earth Engine
[13] can generate high-resolution, management-relevant insights into pollutant dynamics and
watershed-lake interactions. Beyond Horseshoe Lake, the approach can be scaled to other
morphologically complex floodplain lakes, where evolving land-use patterns and shifting industrial
activities alter the balance of external loading and ecological stress.

5. Conclusions

This five-year spatiotemporal assessment of Horseshoe Lake demonstrates the value of
integrating satellite remote sensing with advanced statistical techniques to monitor inland lake water
quality in morphologically complex systems. The analysis revealed persistent pollution hotspots in
Regions 1 and 5, reflecting their unique exposure to external stressors. Region 1 is directly influenced
by stormwater culverts draining Granite City, delivering concentrated urban runoff that fuels
recurring algal activity. Region 5, by contrast, receives multiple agricultural discharges along its
eastern margin and is further shaped by shallow bathymetry, which promotes sediment resuspension
and sustained turbidity. Other regions did not exhibit comparable stress levels because they are less
hydrologically connected to these intensive inflow sources or act as transitional zones with relatively
lower nutrient and sediment loading. Temporal analysis captured both gradual and abrupt shifts in
key indicators. Breakpoint detection and the modified Mann-Kendall test successfully revealed
pollution spikes and seasonal stress events that are often missed by conventional linear trend
methods. Notably, increasing trends in turbidity and phosphorus were most common during fall and
winter, suggesting that summer-centric monitoring efforts may overlook ecologically significant
periods of risk. Through spatial correlation and hierarchical clustering, the study identified distinct
zone-level pollution regimes, reinforcing the need for targeted, region-specific management
strategies rather than a one-size-fits-all approach. The integration of Kernel PCA with trend
segmentation further enabled the detection of two critical pollution periods, late 2022 and late 2023,
offering a lake-wide perspective on ecological stress and demonstrating the value of multivariate
synthesis in capturing synchronized water quality responses. This study contributes to the field of
satellite remote sensing by combining zone-specific analysis, multivariate integration, and trend
segmentation into a unified, scalable framework. It advances beyond traditional multi-parameter
monitoring by offering a more nuanced, time- and space-sensitive method for assessing ecological
stress in spatially heterogeneous inland lakes. Looking ahead, future work should link water quality
dynamics more explicitly to hydrological and meteorological drivers such as precipitation events,
land-use changes, and inflow variability. Operationalizing this framework for other inland lakes,
particularly in data-scarce or resource-limited settings, could further support proactive monitoring
and early-warning systems through automation and cloud-based platforms. Together, these insights
establish a robust and transferable model for advancing inland water quality assessment and
management using remote sensing technologies.
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Abbreviations

The following abbreviations are used in this manuscript:

NDCI Normalized Difference Chlorophyll Index

NDTI Normalized Difference Turbidity Index

P Total Phosphorus

PCA Principal Component Analysis

K-PCA Kernel Principal Component Analysis

SOM Self-Organizing Map

MAR Multivariate Autoregressive Model

WWTP Wastewater Treatment Plant

GEE Google Earth Engine

S2_SR_HARMONIZED Sentinel-2 Surface Reflectance Harmonized dataset
QA60 Sentinel-2 Cloud Mask Bitmask

NDVI Normalized Difference Vegetation Index

SWIR Short-Wave Infrared

Dynp Dynamic Programming algorithm (ruptures library)
mgd Million Gallons per Day
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