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Abstract: This study examines the dynamics of limnological parameters of a South American lake
located in southern Chile with the objective of predicting chlorophyll-a levels, which are a key indica-
tor of algal biomass and water quality, by integrating combined remote sensing and machine learning
techniques. Employing four advanced machine learning models (recurrent neural network (RNNs),
long short-term memory (LSTM), recurrent gate unit (GRU), and temporal convolutional network
(TCNs)), the research focuses on the estimation of chlorophyll-a concentrations at three sampling sta-
tions within Lake Ranco. The data span from 1987 to 2020 and are used in three different cases: using
only in situ data (Case 1), using in situ and meteorological data (Case 2), using in situ, and meteorolog-
ical and satellite data from Landsat and Sentinel missions (Case 3). In all cases, each machine learning
model shows robust performance, with promising results in predicting chlorophyll-a concentrations.
Among these models, LSTM stands out as the most effective, with the best metrics in the estimation,
the best performance was Case 1, with R2 = 0.89, an RSME of 0.32 µg/L, an MAE 1.25 µg/L and
an MSE 0.25 (µg/L)2, consistently outperforming the others according to the static metrics used for
validation. This finding underscores the effectiveness of LSTM in capturing the complex temporal
relationships inherent in the dataset. However, increasing the dataset in Case 3 shows a better
performance of TCNs (R2 = 0.96; MSE = 0.33 (µg/L)2; RMSE = 0.13 µg/L; and MAE = 0.06 µg/L).
The successful application of machine learning algorithms emphasizes their potential to elucidate
the dynamics of algal biomass in Lake Ranco, located in the southern region of Chile. These results
not only contribute to a deeper understanding of the lake ecosystem but also highlight the utility of
advanced computational techniques in environmental research and management.
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1. Introduction

In a climatic scenario of water deficit, such as the one we have been experiencing in
recent decades, freshwater bodies become essential resources to meet human, agricultural,
and industrial needs [1,2]. These bodies of water are not only vital for direct human
consumption but also for food production and hydropower generation [3,4]. They also
play a crucial role in the conservation of aquatic biodiversity and in the regulation of local
and regional climates [5,6]. Therefore, the sustainable management and conservation of
freshwater resources become imperative in a context where climate change and human
activity are putting increasing pressure on these vital ecosystems [7].

Lakes provide a wide range of ecosystem services vital to human well-being and
environmental health [8]. Lakes play a critical role in regulating local climate by influencing
precipitation and temperature patterns in surrounding regions [1,9,10]. These aquatic
ecosystems are also critical habitats for diverse plant and animal species, providing shelter
and food and enabling reproduction for numerous life forms [11,12]. In addition, lakes can
have important recreational and aesthetic value, attracting tourists and providing oppor-
tunities for leisure activities, such as fishing, boating, and bird watching [13]. Therefore,
lakes are key components of natural landscapes, providing essential services that support
human life and ecological balance [14].

The use of satellite technology to monitor water quality in aquatic bodies has been
increasing worldwide, including in Chile, in response to the growing concern for the health
of our water resources [15–17]. Advanced satellites, such as Landsat, Sentinel, and other
systems, provide increasingly wide spatial and temporal coverage, allowing for the obtain-
ment of detailed and updated information on the characteristics of water bodies [18,19].
These images, generated by sophisticated sensors onboard satellites, allow for the identi-
fication of changes in water quality parameters, such as Chl-a in [20,21], the distribution
of pollutants studied by [22,23], and other important indicators for the management and
conservation of aquatic ecosystems [24–26]. This innovative approach not only provides a
global view of the health of water bodies but also facilitates early detection of problems
and informed decision making for their protection and sustainable management [27].

In addition, the combination of traditional water sampling techniques with machine
learning algorithms has proven to be complementary, thus improving monitoring processes
and decision making on the state of water quality in lakes [20,21,28,29]. Therefore, the
objective of this study is to estimate chlorophyll-a levels in Lake Ranco by combining
machine learning and remote sensing techniques. For this purpose, the behavior of physic-
ochemical, biological, and meteorological variables, as well as relevant satellite bands, will
be described. Four machine learning algorithms will be used to estimate chlorophyll-a
levels in the period from 1987 to 2020, validating their effectiveness. In addition, the ecosys-
tem services associated with Lake Ranco will be analyzed, providing a more complete
understanding of their importance and functioning in the local and regional ecosystem.

2. Materials and Methods
2.1. Lake Ranco: Study Area

Lake Ranco, located in the extreme south of Chile, in the Los Ríos Region, at coor-
dinates 40◦22′57′′S–72◦30′41′′W, has an area of approximately 442 km2, which places it
among the largest lakes in Chile (see Figure 1). The local climate presents traits of a humid
temperate climate with Mediterranean influences [30]. The average annual precipitation is
around 2000 mm, while the temperature ranges between 6 and 9 ◦C, with maximum tem-
peratures in January (20 ◦C) and minimum temperatures in July (2 ◦C), according to data
from the Chilean Meteorological Directorate (DMC, http://www.meteochile.cl/, accessed
on 1 January 2024). Nestled in a mountainous terrain, flanked by the Cordillera de la Costa
and the Andes Mountains, the picturesque setting of Lake Ranco owes much to its natural
environment. Characterized by numerous islands and peninsulas, the lake’s landscape
adds to its charm, offering unique habitats for local flora and fauna, thus increasing the
region’s biodiversity [29].

http://www.meteochile.cl/
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and bathymetry.

2.2. Analysis of Ecosystem Services

An analysis of the ecosystem services provided by Lake Ranco was conducted within
a 10 km buffer zone using preliminary information gathered from various studies, with a
primary focus on biodiversity, natural elements, and anthropogenic factors.

To characterize the area, land use coverage data from the year 2014 were utilized,
obtained from a raster file with a spatial resolution of 30 m, sourced from www.gep.uchile.
cl/Landcover_CHILE.html, accessed on 10 January 2024. Additionally, to assess the level
of human influence, data from the Ministry of Public Works of Chile were consulted for in-
formation regarding the road network (https://www.mop.gob.cl/, accessed on 12 January
2024), while data on surrounding populated areas within the study zone were obtained
from the National Statistics Institute of Chile (https://www.ine.gob.cl/herramientas/
portal-de-mapas/geodatos-abiertos, accessed on 20 February 2024).

2.2.1. Ecosystem Services of Lake Ranco

Lake Ranco plays a crucial role in providing freshwater to the region, serving as a
vital source for domestic and agricultural supply (Figure 2). Additionally, the lake acts as a
regulator of the local climate, moderating temperatures, creating favorable microclimates
for agriculture, and helping mitigate the risk of floods by absorbing and retaining excess
water during periods of heavy rainfall.

www.gep.uchile.cl/Landcover_CHILE.html
www.gep.uchile.cl/Landcover_CHILE.html
https://www.mop.gob.cl/
https://www.ine.gob.cl/herramientas/portal-de-mapas/geodatos-abiertos
https://www.ine.gob.cl/herramientas/portal-de-mapas/geodatos-abiertos
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However, this environment faces considerable challenges due to the intensification
of agricultural activity in the surrounding region. Despite Lake Ranco being naturally
oligotrophic, agricultural activity introduces additional nutrients, such as phosphorus,
nitrogen, and organic matter, which can result in lake eutrophication and threaten its
ecosystem health [31] (Figure 2).

Additionally, pollution from the lake’s tributaries, especially due to fish farming activ-
ity, adds another layer of concern about the overall health of the ecosystem. These concerns
underscore the urgent need to comprehensively address the environmental impacts of
human activities in the region to preserve the biodiversity and crucial ecosystem services
offered by this lacustrine ecosystem [31].

In terms of biodiversity, Lake Ranco harbors various endemic and endangered species,
highlighting its importance for regional conservation.

2.2.2. Human–Nature Interaction

Recreational tourism around the lake is a significant economic activity, generating in-
come and employment for local communities. Cultural values rooted around the lake have
been identified, which are fundamental to local identity and community cohesion [32,33].

To the southeast of Lake Ranco lies Parque Futangue, a privately protected area
covering a vast expanse of land from the Andes Mountains to the vicinity of the Lake Ranco
shore, offering a variety of outdoor activities and accommodations [34] (Figure 2).

The landscape on the edge of Lake Ranco is distinguished by a unique interaction be-
tween natural and human elements, with two main urban areas standing out: the towns of
Ranco and Futrono, and a rural area, the locality of Llifén, along with extensive agricultural
lands (Figure 2a–c). In the center of the lake lies Huapi Island, whose inhabitants depend
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entirely on the resources provided by the lake for their sustenance. Although the lake is
vital for these communities, its development does not entirely define the landscape.

Regarding accessibility, although pathways have been established along the entire
lakeshore (Figure 2), there are issues associated with the appropriation of certain lakeside
sites by private landowners, mainly second homes occupying beach areas [35].

The shoreline of Lake Ranco is primarily characterized by a natural–anthropogenic-
rural interface, consisting mostly of agricultural use zones. These areas have intervened
in the natural state of the shoreline, leading to an increasing threat to the biodiversity and
ecosystem services that this ecosystem provides [35].

Although urban areas do not encompass the entirety of the shoreline surface, there are
two significant urban centers that have played a decisive role in the ecological deterioration
of the area.

2.3. In Situ and Meteorological Data

In this study, a time series spanning 33 years (1987–2020) was analyzed, incorporating
data gathered from multiple in situ monitoring campaigns, sourced from the Dirección
General de Aguas (DGA) database (accessed on 20 December 2023). Three sampling stations
were strategically selected, as depicted in Figure 1. The selection criteria for these stations
aimed to encompass various zones within the lake, ensuring comprehensive coverage
across its expanse (see Figure 1). Additionally, five meteorological stations with monthly
precipitation information near the study area were considered, with information from the
Dirección Meteorológica de Chile DMC (accessed on January 2024).

2.4. Pre-Processing Satellite Images

From 2014 to 2022, during different seasons, satellite images from Landsat 8 (L8) and
Sentinel 2 (S2) were obtained with a low percentage of cloud cover. A total of 10 images
(3-L8, 7-S2) were downloaded to cover the dates of in situ sampling. The details of each
image are detailed in Table 1. L8 (collection 2, level 1) was obtained from the United States
Geological Survey (USGS) at Earth-Explorer https://earthexplorer.usgs.gov/ (accessed
on 20 February 2024). S2 (Level-1C) was obtained from https://dataspace.copernicus.eu/
(accessed on 20 February 2024) of the European Commission, European Space Agency
(ESA), and the Copernicus program.

Table 1. Satellite image characteristics.

Id Path/Row In Situ-Date Year Image Date Day Dif-
ferences

LC08_L1TP_233088_20140226_20200911_02_T1 233/88 18 February 2014 2014 26 February 2014 8
LC08_L1TP_232088_20150206_20200909_02_T1 232/88 11 February 2015 2015 6 February 2015 5
LC08_L1TP_233088_20151011_20200908_02_T1 233/88 6 October 2015 2015 11 October 2015 5

S2A_MSIL1C_20160122T142942_N0201_R053_T18GYA_20160122T144141 T18GYA 19 January 2016 2016 22 January 2016 3
S2B_MSIL1C_20200126T142649_N0208_R053_T18GYA_20200126T174938 T18GYA 27 January 2020 2020 26 January 2020 1
S2A_MSIL1C_20201126T142731_N0209_R053_T18GYA_20201126T180345 T18GYA 23 November 2020 2020 26 November 2020 3
S2A_MSIL1C_20210306T142731_N0209_R053_T18GYA_20210306T180339 T18GYA 4/5 March 2021 2021 6 March 2021 2, 1
S2B_MSIL1C_20210811T143729_N0500_R096_T18GYA_20230211T201839 T18GYA 4/5 August 2021 2021 8 August 2021 4, 3
S2B_MSIL1C_20211116T142729_N0301_R053_T18GYA_20211116T175548 T18GYA 7/8 November 2021 2021 9 November 2021 2, 1
S2A_MSIL1C_20220311T142741_N0400_R053_T18GYA_20220311T175316 T18GYA 9 March 2022 2022 11 March 2022 2

Five bands of the multispectral Operational Land Imager (OLI) sensor onboard L8
were used from blue (B) to shortwave infrared (SWIR), with a spatial resolution of 30 m.
The same bands of the MultiSpectral Instrument (MSI) onboard S2 were used. MSI, onboard
each of the two identical satellites (A/B) of the Sentinel-2 mission, has a spatial resolution
of 10 m (Table 2). Subsequently, all images were atmospherically corrected in ACOLITE
software (version 20231023.0, https://github.com/acolite, accessed on 20 February 2024).
ACOLITE is a generic processor that was specifically developed for marine, coastal, and
inland water and supports the free processing of both L8 and S2 [28,36]. The default
atmospheric correction using the “Dark Spectrum Fitting” (DSF algorithm) and the older

https://earthexplorer.usgs.gov/
https://dataspace.copernicus.eu/
https://github.com/acolite
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“exponential extrapolation” or EXP approach were selected and used in the ACOLITE
processor [37,38]. The ACOLITE products obtained correspond to surface-level reflectance
(Rrs) for L8 and S2. The corrected bands were carried to the same spatial resolution, and
different vegetation indices and combinations of bands were calculated from the same
bands (Table 2).

The Quality Assessment bands of each satellite were used to mask clouds, cirrus, and
shadows, and only cloud-free coverage data were used for data extraction [17]. The lake
limits (Roi) were established using geospatial information from the DGA and only the water
body was considered for analysis. QGIS software (version 3.32.0) was used to extract the
data. The methodology used for the extraction was a 3 × 3-pixel sampling window. This
step is important in terms of reducing the possible errors during the geometric correction
of images and the dynamics of water bodies [28,39]. The bands, band combinations, and
indices calculated are widely used to detect aquatic vegetation in lake systems [28,40]; these
are shown in Table 2. For more details about each index, the cited references in the table
can be consulted.

Table 2. Bands and indices characteristics.

Bandas/Indices Names Sensor Resolution Equation References

Blue L8-OLI/S2-A/B 30 m/10 m B (/490 nm) [41,42]
Green L8-OLI/S2-A/B 30 m/10 m G (/560 nm) [43,44]
Red L8-OLI/S2-A/B 30 m/10 m R (/665 nm) [17,45]

Near Infrared L8-OLI/S2-A/B 30 m/10 m NIR (/842 nm) [17,43]
Shortwave Infrared L8-OLI/S2-A/B 30 m/20 m SWIR [45,46]

Red/Infrared L8-OLI/S2-A/B 30 m/10 m R/NIR [17,44]
Infrared/Red L8-OLI/S2-A/B 30 m/10 m NIR/R [17,47]

Normalized Difference
Vegetation Index L8-OLI/S2-A/B 30 m/10 m NDVI = (NIR − R)/(NIR + R) [48,49]

Floating Algae Index L8-OLI/S2-A/B 30 m/10–20 m
FAI = NIR − NIR

with NIR = R + (SWIR − R) ×
(λNIR − λR)/(λSWIR − λR)

[15,50]

Surface Algal Bloom Index L8-OLI/S2-A/B 30 m/10 m SABI = (NIR − R)/(B + G) [51,52]
Green Normalized

Difference Vegetation Index L8-OLI/S2-A/B 30 m/10 m GNDVI = (NIR − G)/(NIR + G) [15,42]

Chlorophyll Index—Green L8-OLI/S2-A/B 30 m/10 m CI-G = (NIR/G) − 1 [53,54]
Green Blue (Two-Band) Ratio L8-OLI/S2-A/B 30 m/10 m CHL_OC2 = B/G [55,56]

2.5. Machine Learning Algorithms
2.5.1. Recurrent Neural Networks (RNNs)

RNNs represent a crucial class of neural networks adept at capturing long-term
dependencies within sequential data. By processing one element of the sequence at a
time and integrating it with the previous temporal information, RNNs discern underlying
patterns. However, RNNs face the challenge of gradient fading or exploding during
training, mainly due to recurrent operations. To mitigate this obstacle, several improved
variants of RNNs have emerged, most notably long short-term memory (LSTM) and gate
recurrent units (GRUs) [57]. In Figure 3, we illustrate a typical RNN architecture with N
inputs, two layers of hidden neurons, and one output. In this context, the inputs encompass
the current data from Cases 1–3 along with historical Chl-a data. The hidden layers serve to
discover correlations between the input data, while the output layer provides the predicted
Chl-a level, which is continuously refined with each iteration.
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2.5.2. Long Short-Term Memory (LSTM)

Long short-term memory models (LSTMs) represent a specialized type of RNN de-
signed to effectively manage the complexities of long-term dependencies in sequential
data. Conventional RNNs often have difficulty maintaining relevant information over
extended periods of time, a phenomenon known as leaky gradients [59]. This occurs when
the gradients in the backpropagation algorithm decrease significantly as they traverse
numerous time steps, impeding the network’s ability to adjust its weights effectively. To
combat this problem, LSTM models incorporate memory cells and gating mechanisms,
allowing the model to retain or discard information as needed over time [60].

Unlike conventional recurrent neural networks, which often struggle to hold infor-
mation for long periods of time, LSTM networks are specifically designed to excel in this
regard. They take advantage of a gating mechanism that allows them to precisely control
the retention and discarding of information at each time step. In an LSTM network, each
neural unit incorporates three fundamental gates: the input gate, the forgetting gate, and
the output gate. These gates allow the network to discern which information is worth
retaining and that which should be discarded at each time step. The input gate regulates
the incorporation of new information into the network’s short-term memory. The forgetting
gate regulates the retention or deletion of information in the long-term memory. Finally,
the output gate determines which information is used to make predictions or decisions at
any given time (see Figure 4).
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2.5.3. GRU

A GRU presents an alternative to the LSTM in the field of recurrent neural networks,
simplifying the control mechanism to only two crucial signals: the update gate and the
reset gate. Unlike LSTM, a GRU simplifies the architecture by reducing the number
of gating signals, thus saving computational resources. This reduction is achieved by
merging the forget and input gates into a single update gate and eliminating the output
gate. Consequently, a GRU consists of only two gates: the update gate and the reset gate.
Figure 5 illustrates the architecture of a GRU, showing its simplified design. Although
a GRU shares similarities with LSTM in its ability to capture temporal dependencies, it
is distinguished by its parsimonious use of gate signals and associated parameters. This
efficiency not only improves computational performance but also streamlines the training
process, as demonstrated by [62].
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2.5.4. Temporal Convolutional Network (TCN)

A TCN represents a neural network architecture that is distinguished by the use of
a causal convolution layer, which is strategically implemented to avoid leakage of future
information into the past. This design feature ensures that predictions at any time step de-
pend exclusively on the inputs at that time instant or earlier [57]. However, although causal
convolution effectively maintains the temporal order, its dilation mechanism can sometimes
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prevent the extraction of local connections between adjacent time steps, particularly in
higher layers. In essence, a TCN generates its output through a temporal convolution
of the input data. In particular, Figure 6 shows a TCN configuration comprising three
dilated convolution layers, each of which contributes to the network’s ability to capture the
temporal dependencies across various time scales.

Causal convolution guarantees that the output at a given time depends only on the
inputs up to that time, from the beginning of the sequence. For a sequence input x0, x1,
. . ., xN, this implies that the output at time t is influenced only by xt, xt−1, . . ., xt−r+1 for
a given r. In contrast, dilated causal convolution allows one to obtain a large receptive
field with minimal layer depth. This is achieved by summing the product of a filter f (i)
and the input sequence xt−λi for i between 0 and z − 1, where the dilation factor λ grows
exponentially between layers. However, in higher layers, the dilated causal convolution
may not fully capture the local connection between adjacent time steps [64]. Comparatively,
temporal convolutional networks (TCNs) suffer from a drawback in inference due to their
large memory requirement, as the complete sequence must be computed at the subsequent
time step, unlike recurrent neural networks (RNNs).
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2.6. Algorithm Processsing

Recurrent neural network (RNN), long short-term memory (LSTM), and gate recurrent
unit (GRU) architectures were constructed, with a hidden layer in each of them. The
number of neurons (units) ranged from 5 to 250, employing an initial learning rate of
0.0001, a root mean square error (RMSE) loss function, a maximum of 100 epochs, and the
Adam optimizer [66].

In contrast, a temporal convolutional network (TCN) architecture features three con-
volutional layers, incorporating dropout regularization, with a dropout factor of 0.005. The
optimization process adjusts the number of neurons, ranging from 8 to 256 in the layer
that connects to the same region in the input. In addition, it uses a filter size of 4, an initial
learning rate of 0.0001, and the Adam optimizer. A TCN excels in handling long-term
dependencies within input sequences, facilitated by the causal convolution layer, which
guarantees a larger receptive field compared to traditional convolutional neural networks
(CNNs). However, the inference process of a TCN occupies more memory than that of
RNNs, as it requires processing the entire sequence to compute the next time step.

These architectures find application in a variety of tasks, such as predictive modeling,
anomaly detection or classification. The selection of an appropriate architecture depends
on the specific requirements of the problem, the characteristics of the available data and the
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available computing resources. Through a nuanced understanding of the strengths and
limitations of different architectures, we can adapt neural networks more effectively and
efficiently to various applications.

To evaluate the performance of the four models mentioned above, we define cases 1, 2
and 3 as follows:

The Case 1 in situ data are as follows: The parameters included in this case are
only in situ data (1—water temperature (T); 2—transparency (SD); 3—dissolved oxygen
(DO); 4—pH; 5—chlorophyll (Chl-a); 6—total nitrogen (TN); 7—total phosphorus (TP);
8—turbidity (NTU); 9—conductivity).

The Case 2 in situ data and meteorological data are as follows: The parameters
included in Case 2 are in situ data (Case 1) and meteorological data (1—air temperature;
2—relative humidity; 3—precipitation; 4—wind speed).

The Case 3 in situ data, meteorological data, and satellite data are as follows. The
parameters included in Case 3 are the in situ data, meteorological data, (Case 2) and satellite
data: 1—blue band; 2—green band; 3—red band; 4—infrared band; 5—near-infrared band;
6—R/N; 7—NDVI; 8—FAI; 9—SABI; 10—GNDVI; 11—GCI)

2.7. Statistics Validation

To evaluate the performance of the models described in Section 2.5, several met-
rics were employed, including the mean squared error (MSE) described in [17], the root
mean squared error (RMSE) described in [15], the mean absolute error (MAE), described
in [40], and R2 described in [67]. This approach mirrors the methodology used in [29]
and helps to understand the accuracy, precision, and potential limitations associated with
chlorophyll-a estimation.

The number of samples for training and testing is given in Table S1. Sequential
splitting, following a 70/30% rule, was adopted to calculate the different error metrics.
In this procedure, the time series are split in such a way that the first part is used for
training, while the latter is used for multi-station validation (Figure 1). This method has
demonstrated commendable performance in the evaluation of time series competence in
deep learning models.

3. Results
3.1. Water Quality Parameters

In Table 3, we can observe the statistical metrics of the limnological parameters used
in this study. Transparency measured using a Secchi disk showed values ranging between
5.5 m at station R4 during fall, probably due to mixing, and 23 m at station R2 during
summer, attributed to more favorable weather conditions: low wind, low rainfall, and
low cloud cover. Water temperature values ranged from a minimum of 9.2 ◦C in the
winter season to a maximum of 21.5 ◦C in summer. It should be noted that similar water
temperature values in other lakes of the Araucano chain, such as Lake Villarrica, have
triggered algal bloom events [15,30]. The water column of Lake Ranco is hydrodynamically
mixed most of the year (autumn–winter–spring) and stratified during summer according
to reports from the Chilean Water Authority (Direccion General de Aguas de Chile). In
addition, thermal stratification in the summer period (summer) in Lake Ranco would
lead to hydrodynamic isolation and an eventual decrease in oxygen concentration, which
produces the desertification of the system by the abandonment of N2 (g) to the atmosphere,
thus generating the limitation of nitrogen for biological assemblages during the summer.
Chlorophyll-a reaches the highest values during the summer, up to 3.2 µg/L, coinciding
with the highest values of water temperature, which is optimal for the aquatic vegetation
to perform the photosynthetic process. Nitrogen and total phosphorus values are slightly
higher than those reported in other Araucanian lakes, with maximum values of 310 mg/L
and 13 mg/L, 11 mg/L and 12 mg/L in R2, R3 and R4 station, respectively; however, this
lake still shows an oligotrophic condition.
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Table 3. Water quality statistical parameters.

Summer Autumn Winter Spring

R2 R3 R4 R2 R3 R4 R2 R3 R4 R2 R3 R4

SD (m)

Avg 15.7 15.8 15.0 13.5 16.4 13.1 12.3 12.3 12.7 13.6 13.6 13.4
Max 23 21.5 19.5 18.5 20.5 18 19 17.7 17.5 18.6 18 18.5
Min 10.5 10 8.5 10 11 5.5 7 8 8 8.5 8 9
SD 3.9 3.9 3.58 3.0 2.9 3.2 2.9 2.7 2.8 3.1 2.4 2.9
CV
(%) 0.2 0.2 0.23 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.17 0.2

N 14 14 13 13 13 12 16 15 15 15 15 15

T (◦C)

Avg 19.2 19.0 19.4 14.1 14.1 13.9 10.1 10.7 10.7 13.5 13.0 13.7
Max 21.5 20.2 20.6 16.6 17 16.7 15.7 15.4 15.2 16.2 16.2 16.5
Min 17.8 17.8 17.9 12.9 12.3 11.7 9.2 9.2 10.0 11.5 10.9 10.4
SD 1.0 0.8 0.8 1.3 1.3 1.4 1.4 1.3 1.2 1.2 1.6 1.8
CV
(%) 0.5 0.3 0.0 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.11 0.1

N 15 14 14 15 15 15 18 17 17 16 16 16

pH
(unit)

Avg 7.7 7.6 7.7 7.4 7.4 7.4 7.5 7.4 7.4 7.5 7.6 7.5
Max 8.1 8.1 8.1 7.73 7.8 7.8 7.9 7.8 7.8 8.3 8.3 8.3
Min 6.9 6.8 6.9 6.7 6.7 6.2 6.8 6.9 6.9 6.2 7.1 6.7
SD 0.4 0.4 0.4 0.4 0.3 0.4 0.3 27 0.3 0.5 0.3 0.4
CV
(%) 0.1 0.1 0.1 0.4 0.4 0.1 0.3 0.0 0.3 0.0 0.4 0.5

N 15 14 14 14 15 14 18 17 17 16 16 16

DO
(mg/L)

Avg 9.1 9.1 8.9 9.4 9.6 9.8 10.6 10.7 10.5 10.2 10.2 10.2
Max 10.7 14 9.7 10.3 10.3 10.5 12.1 12.1 11.9 11.1 11.2 11.6
Min 8.1 8.3 8.3 7.9 8.6 9.2 9.8 9.7 9.8 8.61 8.9 8.3
SD 0.7 0.5 0.3 0.7 0.4 0.4 0.6 0.6 0.52 0.6 0.6 0.8
CV
(%) 0.1 0.1 0.3 0.1 0.1 0.3 0.1 0.1 0.1 0.1 0.1 0.1

N 15 14 14 15 15 15 18 16 17 16 16 16

(NTU)

Avg 4.3 3.2 3.2 2.4 2.8 2.7 1.5 1.2 2.2 2.1 3.9 1.1
Max 10.3 14 14 6.4 7.9 15 18 3.7 5.8 2.5 6.9 2.6
Min 0.8 0.7 1.1 0.3 0.3 14 0.4 0.2 0.4 1.6 2.3 0.3
SD 4.5 2.9 2.4 2.1 2.9 2.5 1.7 1.3 2.5 0.6 2.6 1.3
CV
(%) 1.0 0.9 0.8 0.9 1.0 0.9 0.8 1.1 1.1 0.3 0.7 1.1

N 4 5 4 6 5 5 5 7 4 2 3 3

Chl-a
(µg/L)

Avg 0.7 0.8 0.7 1.1 1.1 1.3 1.1 1.4 1.8 0.8 0.8 0.8
Max 1.9 1.9 1.9 1.9 2.0 2.2 3.1 3.3 3.7 1.9 1.9 1.9
Min 0.2 0.1 0.1 0.5 0.5 0.5 0.3 0.3 0.3 0.1 0.1 0.2
SD 0.5 0.6 0.6 0.4 0.4 0.6 0.6 0.8 0.8 0.5 0.5 0.5
CV
(%) 0.8 0.7 0.8 0.3 0.4 0.5 0.6 0.7 0.7 0.7 0.7 0.6

N 13 11 12 12 12 12 17 16 15 13 13 13

NT
(mg/L)

Avg 156 158 156 157 157 157 90.0 92.1 89.9 94.4 85.2 94.3
Max 310 310 310 166 166 166 177 177 177 166 166 166
Min 15.6 15.6 15.6 148 148 148 30.7 30.7 30.7 40.4 35.6 40.4
SD 111 108 111 9.0 8.9 8.9 56.6 56.4 56.6 56.1 50.8 56.1
CV
(%) 0.7 0.7 0.7 0.1 0.1 0.1 0.6 0.6 0.6 0.6 0.6 0.6

N 6 9 6 3 3 3 6 9 6 5 7 5

PT
(mg/L)

Avg 127 71.4 48.1 6.0 6.9 7.3 6.4 7.1 9.8 8.4 9.1 12.7
Max 13 11 12 8.6 9.3 11.0 11.3 13.1 17.6 12.6 18.6 31.2
Min 2.9 3.2 3.4 3 4.5 4.4 2.6 3.1 2.8 3.3 3.3 3.4
SD 275 128 85.3 1.8 2.1 2.9 2.8 3.4 5.8 4.2 6.2 11.2
CV
(%) 2.2 1.8 1.8 0.3 0.3 0.4 0.4 0.5 0.6 0.5 0.8 0.9

N 5 5 5 5 5 5 8 7 7 5 5 5
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3.2. Meteorological Conditions

Observations made at Lake Ranco between 1989 and 2022 indicate that the mean
monthly value of daily air temperature was 14.00 ◦C, also varying between a summer
maximum of 19.63 ◦C (February) and a winter minimum of 10.18 ◦C (July). In general,
cloudiness increases during the winter months, with a consequent decrease in temperature,
and vice versa during the summer months. Average cloudiness in the area was 68.33%,
with a winter maximum of 92% (August) and a summer minimum of 27% (February).
According to the hydrometric statistics, total precipitation during the entire study period
was 2789.66 mm, ranging from a maximum value of 346.80 mm (July) to a minimum value
of 104.24 mm (February). There is no dry season in this region, but there is a significant
decrease in precipitation during the summer. The surface wind regime during the winter
was mainly from the northwest (see Figure 7), with a maximum speed of 2.86 m/s, and
during the summer, with a minimum speed of 1.03 m/s. The relative humidity was high
throughout the study period, excluding summer (>61.76%). For more details, see Table S2.
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3.3. Models Estimation
3.3.1. Case 1

Figure 8 shows the behavior of the estimated chlorophyll-a at the three-sampling
station and station 6 with all values included for variables used of the Case 1. The estimation
models used for each case were RNN, LSTM, GRU, and TCN.

From the results, we can observe in Figure 8 that for most of the stations, the mod-
els offer good recovery in terms of temporal variations. In addition, the LSTM and
GRU models present more accurate values of performance metrics for LSTM (MSE = 0.10;
RMSE = 0.32 µg/L; and MAE = 1.25 µg/L and R2 = 0.89), while the GRU presents
MSE = 0.11 (µg/L)2, RMSE = 0.34 µg/L, MAE = 1.65 µg/L and R2 = 0.88 compared to
the other models (RNN and TCN) (see detail in Table 4). However, the modeling for station
6, in which all total values are used, also showed good results for TCN and RNN.
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Table 4. Model performance metrics for chlorophyll-a prediction based on RNN, LSTM, GRU,
and TCN.

Case Model R2 RMSE (µg/L) MAE (µg/L) MSE (µg/L)2

1

RNN 0.72 0.27 1.97 0.25
LSTM 0.89 0.32 1.25 0.10
GRU 0.88 0.34 1.65 0.11
TCN 0.73 0.49 2.40 2.40

2

RNN 0.39 0.66 1.36 0.43
LSTM 0.86 0.37 0.28 0.13
GRU 0.85 0.38 1.08 0.14
TCN 0.66 0.54 1.73 0.29

3

RNN 0.66 0.71 4.16 0.50
LSTM 0.69 0.42 2.00 0.64
GRU 0.82 0.30 2.86 0.52
TCN 0.96 0.13 0.06 0.33

3.3.2. Case 2

Figure 9 shows the behavior of the four estimation models of Chl-a at each lake
sampling station in Case 2, where meteorological variables were used.

Based on the results shown in Figure 9, we can observe a similar behavior in the
performance of the models as that seen in Case 1. The LSTM and GRU models prevail as
the two with the best metrics in estimating Chl-a: LSTM with R2 up to 0.89 and a minimum
of 0.86, an RSME of 0.37 µg/L, an MAE of 0.28 µg/L, and an MSE of 0.13 (µg/L)2; GRU
resulted in R2 = 0.85, RMSE = 0.38 µg/L, MAE = 1.08 µg/L, and MSE = 0.14 (µg/L)2.
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3.3.3. Case 3

Figure 10 shows the behavior of the train/test for the four estimation models of Chl-a
in each lake sampling station in Case 3 when we used the satellite spectral bands and
indices described in Table 2.
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Figure 10. Chl-a estimation values for Case 3 at each lake station.

When comparing the results between Case 2 and Case 3, a marked improvement in
the performance of all models in Case 3 is observed. This improvement is manifested in
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lower MSE (0.01 < (µg/L)2), RMSE (0.09 < µg/L), and MAE (0.05 < µg/L) values, along
with higher R2 (0.96) values. However, it is noteworthy that the TCN, with an increasing
number of data, performed excellently (R2 = 0.96; MSE = 0.33 (µg/L)2; RMSE = 0.13 µg/L;
and MAE = 0.06 µg/L), as illustrated in Table 4. This suggests that the integration of a
broader set of variables related to chlorophyll-a, both directly and indirectly, improves
the predictive ability of the other algorithms. As in the previous cases, the GRU model
performed well with metrics of R2 = 0.82, RMSE = 0.30 µg/L, MSE = 0.52 (µg/L)2, and
MAE = 2.86 µg/L.

3.4. Statistical Analysis

The results show very good performance, with a coefficient of determination until
0.96, a mean square error between 0.10 (µg/L)2 and 2.40 (µg/L)2, a root mean square error
between 0.13 and 0.54 µg/L, and a mean absolute error between 0.06 and 4.16 (Table 4). The
worst performance is observed when using the RNN. In the meantime, the best-performing
models are LSTM and TCN.

4. Discussion

Lakes are lentic ecosystems that are of profound importance on a global scale due to
the diverse range of ecosystem services they provide [68,69]. In an era marked by increasing
water stress and scarcity, the preservation of freshwater reservoirs becomes paramount to
maintain their pristine conditions and sustain their invaluable contributions [70]. These
bodies of water not only serve as vital habitats for numerous species but also play a critical
role in regulating local and regional climates, supporting agriculture, providing recreational
opportunities, and supplying drinking water to communities [71]. Ensuring the resilience
and vitality of lakes is, therefore, essential to the well-being of both ecosystems and human
societies. Efforts to safeguard these aquatic environments require multifaceted approaches
that encompass effective management strategies, conservation initiatives, and proactive
measures to mitigate threats, such as pollution, habitat degradation, and the effects of
climate change. Through collaboration and continued dedication, we can aspire to a future
in which lakes thrive as resilient and biodiverse ecosystems, enriching our planet and
sustaining life for generations to come.

This study investigates the effectiveness of employing four different machine learning
models to measure the presence of algae in a South American lake located in the picturesque
Lake District of southern Chile. The focus is on estimating the concentration of chlorophyll-
a (Chl-a), a key pigment indicative of the presence of algae. For the initial estimation
approach, the study uses a large dataset spanning from 1989 to 2023, covering various water
quality parameters. These data were collected during monitoring campaigns conducted
by prestigious institutions such as the Chilean General Water Directorate and the EULA
Environmental Studies Center. In a second case, meteorological parameters from the
Chilean Meteorological Directorate are integrated into the analysis to improve the predictive
capability of the models. In addition, the study in Case 3 incorporates spectral bands and
indices derived from multispectral satellite images obtained from reputable sources such
as Landsat and Sentinel satellites.

The results of the models show a very good performance, with a coefficient of deter-
mination until 0.96, a mean square error between 0.28 and 2.40 (µg/L)2, a root mean square
error between 0.13 and 0.54 µg/L, and a mean absolute error between 0.06 and 4.16 µg/L.
The worst performance is observed for the RNN, probably because the number of layers
chosen is not sufficiently complex to establish adequate to establish adequate relationships
between inputs and output. In the meantime, the best performing models are LSTM, with
R2 = 0.89, an RSME of 0.32 µg/L, an MAE 1.25 µg/L, and an MSE 0.25 (µg/L)2) and TCN
(R2 = 0.96; MSE = 0.33 (µg/L)2; RMSE = 0.13 µg/L; and MAE = 0.06 µg/L). These findings
are consistent with previous research in other Chilean lakes, which have also reported
increased chlorophyll-a concentrations and algal biomass. For example, a cyanobacterial
bloom with elevated chlorophyll-a levels were observed in Lake Laja in 2020 through
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the use of various vegetation indices using a combination of satellite spectral bands [16]
and, since the 1990s, Lake Villarrica has experienced recurrent summer blooms, which
have been detected through Landsat satellite images [15]. In addition, a persistent bloom
of cyanobacteria has been observed in Laguna Grande de San Pedro throughout 2023
and 2024, and spectral models have been created through the use of satellite images [72].
Furthermore, studies have been conducted to estimate chlorophyll-a levels in lakes such
as Llanquihue and Maihue using combined machine learning and remote sensing tech-
niques [28,29]. Chile’s lakes are increasingly affected by the combined effects of human
activities and climate change, leading to more frequent algal blooms, deteriorating water
quality, and accelerated eutrophication. Therefore, it is essential to closely monitor Lake
Ranco to prevent similar episodes from occurring in other lakes in the country. Chl-a
estimates help to better understand the behavior of the lake’s water quality in the absence
of in situ measurements (high cost and several monitoring campaigns), and thus, contribute
to assessing the behavior of the ecosystem services provided by the lake, whether drinking
water for different uses, such as tourism and recreation.

Lake Ranco in South America is a vital provider of ecosystem services thata re crucial to
the livelihoods of the surrounding communities and biodiversity. These services encompass
a wide range of benefits, including water supply for domestic, agricultural, and industrial
purposes. In addition, the lake supports recreational activities, tourism and cultural
practices, fostering economic growth and social well-being in the region. Its rich biodiversity
also contributes to regulating water quality, nutrient cycling, and carbon sequestration,
thus maintaining ecological balance and resilience.

New methodologies and ecosystem services mapping outputs are essential pillars for
reaching targets set by environmental policy instruments at the national level [73]. However,
the conservation status of this pristine ecosystem is of great concern. Rapid urbanization,
agricultural expansion, and industrialization of the surrounding areas pose significant
threats to the ecological integrity of the lake. Pollution from agricultural runoff, industrial
discharges, and untreated sewage can lead to eutrophication, algal blooms, and habitat
degradation, events that have occurred in lakes in the same chain, such as Lake Villarrica.
In addition, deforestation and land use changes exacerbate soil erosion and sedimentation,
impacting water quality and aquatic habitats. To safeguard the ecological health and
long-term viability of this invaluable natural resource, effective conservation strategies
and sustainable management practices are imperative. To mitigate these anthropogenic
pressures and ensure the lake’s continued provision of ecosystem services, collaboration
between government agencies, local communities, and stakeholders is essential.

5. Conclusions

The use of machine learning-based estimation models and the incorporation of mul-
tiple data types, such as water quality parameters, meteorological data, and data from
satellite sources, has proven to be an effective and accurate method. The models used in this
study have demonstrated good performance in most cases, as evidenced by the statistical
metrics provided by each model. In Case 3, the TCN model stands out with excellent
chlorophyll-a estimation metrics with an R2 of 0.96, MSE = 0.33 (µg/L)2, RMSE = 0.13 µg/L,
and MAE = 0.06 µg/L. This suggests that integrating a broader set of chlorophyll-a-related
variables, both directly and indirectly, improves the predictive ability of the algorithms.
In addition, we evaluated the meteorological conditions as they may influence the vari-
ability of the studied lake. Finally, we described the ecosystem services associated with
the multiple uses provided by this lake and its surrounding watershed. The methodology
developed by us will be used in other lake bodies in Chile and will serve as a basic tool for
water resource managers.

The shoreline of Lake Ranco exhibits an interaction between natural, human, and rural
elements, with agricultural areas predominating. This has disrupted the natural balance,
threatening biodiversity, and ecosystem services. Although urban areas do not encompass
the entire perimeter, two key urban centers have contributed to ecological deterioration. It
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is essential to implement conservation measures and sustainable management practices to
mitigate these impacts and preserve the biodiversity and ecosystem services essential for
the community and the natural environment along the shoreline of Lake Ranco.
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