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Abstract: Chromophoric dissolved organic matter (CDOM) is crucial in aquatic ecosystems, influenc-
ing light penetration and biogeochemical processes. This study investigates the CDOM variability in
seven oligotrophic lakes of North Andean Patagonia using Landsat 8 imagery. An empirical band

ratio model was calibrated and validated for the estimation of CDOM concentrations in surface
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evaluated, the QUAC (Quick Atmospheric Correction) method demonstrated the highest accuracy

lake water as the absorption coefficient at 440 nm (a m~1). Of the five atmospheric corrections
for the remote estimation of CDOM. The application of separate models for deep and shallow lakes
yielded superior results compared to a combined model, with R? values of 0.76 and 0.82 and mean
absolute percentage errors (MAPEs) of 14% and 22% for deep and shallow lakes, respectively. The

spatio-temporal variability of CDOM was characterized over a five-year period using satellite-derived
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values in shallow lakes. Additionally, significant seasonal fluctuations were evident. Lower CDOM

a values. CDOM concentrations varied widely, with very low values in deep lakes and moderate
concentrations were observed during the summer to early autumn period, while higher concentra-
tions were observed in the winter to spring period. A gradient boosting regression tree analysis
revealed that inter-lake differences were primarily influenced by the lake perimeter to lake area ratio,
mean lake depth, and watershed area to lake volume ratio. However, seasonal CDOM variation
was largely influenced by Lake Nahuel Huapi water storage (a proxy for water level variability at a
regional scale), followed by precipitation, air temperature, and wind. This research presents a robust
method for estimating low to moderate CDOM concentrations, improving environmental monitoring
of North Andean Patagonian Lake ecosystems. The results deepen the understanding of CDOM
dynamics in low-impact lakes and its main environmental drivers, enhance the ability to estimate
lacustrine carbon stocks on a regional scale, and help to predict the effects of climate change on this
important variable.
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1. Introduction

Inland waters worldwide are exposed to the effects of numerous interacting stressors
that threaten their ecological functioning. Lakes are valuable for their ecosystem services
and play an important role in various biogeochemical cycles. In particular, the role of
lakes in the carbon cycle has gained significant importance in the context of current global
warming [1-4]. In addition, they serve as vital natural resources for humanity, provid-
ing drinking water, irrigation, food, transportation, energy, and various aesthetic and
cultural services [5-7]. Furthermore, freshwater ecosystems are hotspots for biodiversity
conservation because they support an extremely rich and sensitive biota [8,9].

Besides these characteristics, lakes have been described as ‘sentinels’ of environmental
change [10,11]. They respond rapidly, integrate information on processes within the lake
and at the catchment scale, and are sensitive to a range of stressors operating at different
scales [12,13]. In this sense, the monitoring of water quality in inland waters has become
an overriding priority for several governments and international institutions around the
world in recent decades.

Dissolved organic carbon (DOC) and its coloured fraction, chromophoric dissolved
organic matter (CDOM), are important aquatic variables for assessing water quality and the
impacts of environmental change [12,14,15]. Dissolved organic matter (DOM) facilitates the
transfer of carbon from terrestrial to aquatic ecosystems, establishing a close link between
these environmental compartments. CDOM is often the most prevalent fraction of DOM
in natural waters and regulates numerous physical, chemical, and biological ecosystem
processes. It affects light penetration, which influences thermal regimes and primary
production [16,17]. At the same time, CDOM protects aquatic organisms from harmful UV
radiation exposure [18]. CDOM influences the mobilization and toxicity of metals as well as
the availability of nutrients in aquatic environments [19]. Additionally, CDOM has negative
effects on the production cost of drinking water treatment processes, which can impact
human consumption [20]. On the other hand, CDOM has been widely used as a low-cost
proxy for DOC concentration due to the strong CDOM-DOC relationship observed in
different aquatic environments [21,22]. Therefore, even though lakes cover a small portion
of the Earth’s surface, it is globally relevant to comprehend the spatio-temporal variability
of lacustrine CDOM and its key environmental drivers.

Satellite remote sensing is a promising tool for monitoring inland waters on a large
scale. Satellite information has the potential to overcome the limitations of traditional
field sampling methods and improve their temporal and geographical coverage. However,
remote sensing of inland waters has been limited by coarse spatial resolution, limited sensor
quantization, low signal-to-noise ratio, and infrequent imagery. Since the launch of Landsat
8, this situation has changed considerably. The availability of freely accessible imagery
with improved radiometric precision (12 bits), 30 m spatial resolution, and an additional
coastal/aerosol band has significantly increased the capacity to potentially determine water
quality characteristics in more than 90% of global lakes [23].

CDOM is an optically active water quality parameter and can be estimated from
its absorption signature, a negative exponential absorption with increasing wavelength,
which has a higher effect on water leaving reflectance at short wavelengths. Among other
qualitative parameters of water, CDOM has been described as one of the most difficult
parameters to determine using remote sensing methods in inland waters [24]. This is
because CDOM absorbs light but does not scatter, and its absorption spectrum has no peaks
or troughs that can be associated with the amount of CDOM. Especially in complex inland
waters with lower to moderate levels of CDOM and a significant proportion of inorganic
and organic particles dominating the reflectance spectrum, CDOM may be particularly
difficult to detect. Despite these difficulties, several studies of inland and estuarine waters
have reported good results in estimating CDOM values using remote sensing imagery and
different models, including empirical, semi-analytical /quasi-analytical, matrix inversion,
and optimization methods [25-27]. Empirical algorithms using bands and band ratio
combinations have demonstrated moderate to high accuracy (R? = 0.63-0.95) in retriev-
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ing CDOM absorption coefficients (2, m~!) at different wavelengths (between 350 to
440 nm) using Landsat 8 [28-30] or Sentinel-2 imagery [28,31,32]. Although these models
may have limitations when it comes to parameterization at larger temporal or spatial scales,
they still provide robust results, model simplicity, and minimal computational cost [33].
Additionally, they have been shown to be as good as, or better than, other more complex
approaches such as bio-optical models, spectral shape algorithms, and matrix inversion
methods [25,34].

Based on the results briefly described above, it seems that there is potential for describ-
ing CDOM dynamics in optically complex inland waters using new generation satellites.
However, there are still several unanswered questions, as highlighted by [24,30]. One issue
of particular interest that motivates the present research is to evaluate whether empirical
algorithms that use only reflectance wavelengths greater than 500 nm are adequate for
accurately retrieving CDOM in the range of existing water quality conditions of the North
Andean Patagonian lakes. Various studies have shown that algorithms using the green-
to-red reflectance ratio work well for CDOM values ranging from moderate to high (e.g.,
a‘clggm =~0.2-325 m_l) [28,30-32,35-37]. However, these algorithms tend to overestimate
low CDOM values [38,39] or show moderate results [40]. In contrast, the blue/red al-
gorithms demonstrated superior performance in inland waters with low CDOM levels
(afggm =0.07-1.24 m~1) [40]. This could be attributed to the fact that in certain water bodies,
low CDOM is accompanied by low concentrations of both chlorophyll 2 and non-algal par-
ticles. Consequently, absorption by these optically active substances may not significantly
interfere with the inherent CDOM sensitivity of the satellites” blue bands.

The North Andean Patagonia region (Argentina) is delineated by a profuse hy-
drological network that encompasses remote, low-impacted, and unproductive rivers;
large deep lakes; and small shallow lakes spotted in the mountain landscape. These
aquatic systems have been characterized to present very low to moderate CDOM values
(@20 =0.03—2.2m™!) and a marked variability modulated by climatic seasonality, hetero-
genic hydrogeomorphic characteristics, and strong environmental gradients [41-43]. This
variability offers a compelling setting for evaluating the applicability of remote sensing
algorithms for estimating low CDOM values in a range that has not been broadly assessed
and for characterizing environmental forcings of this important water quality variable.

In this work, we aimed to (i) calibrate and validate band ratio models for CDOM
estimation in seven oligotrophic and remote North Andean Patagonian lakes using Landsat
8 imagery and different atmospheric correction algorithms; (ii) apply the best obtained
empirical model to Landsat 8 images over a five-year period to describe the natural spatio-
temporal variation in CDOM in the study lakes; and (iii) identify driving environmental
factors that shape CDOM dynamics in these low-impacted waters using a machine learning
technique (gradient boosting regression trees).

2. Materials and Methods
2.1. Study Area, Lakes, and Region Characteristics

This study focused on seven piedmont lakes (768-785 m.a.s.l.) within the Lake
Nahuel Huapi basin located in North Andean Patagonia, Argentina (40.145-41.592S;
71.028-71.966W) (Figure 1). The region belongs to the Glacial Lakes District of the South-
ern Andes, being the largest lacustrine district of Argentina [44]. The Nahuel Huapi
National Park features an extensive hydrographic system characterized by a large land-
scape heterogeneity that includes large, deep mountain lakes (area > 5 km?; Zyax > 90 m)
with a warm monomictic thermal regime as well as small, shallow polymictic lakes
(area < 1 km?; Zyax < 20 m) that can freeze during severe winters. North Andean Patago-
nian lakes and streams are oligotrophic or ultra-oligotrophic and rank among the world’s
most unproductive systems. They are characterized by limiting nutrient levels [45,46], very
low chlorophyll a concentration [47,48], very low to moderate DOC concentrations [42,43],
and elevated water transparency [49,50].
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Figure 1. Study area: (a) Nahuel Huapi National Park (Argentina) with the location of San Carlos de
Bariloche city; (b) a zoomed-in window displaying a detailed image of Lake Nahuel Huapi, sampling
sites, and the weather station; (c) a zoomed-in window displaying a detailed image of the remaining
study lakes and sampling sites. The sampling sites are indicated by red triangles (shallow lakes) and
yellow circles (deep lakes). The following lakes were included in the study: Lake Nahuel Huapi
[three sites: Bahia Lopez (NH-BL), Dina Huapi (NH-DH), and Brazo Rincén (NH-BR)], Lake Moreno
Este (two sites: ME-CE and ME-CA), Lake Moreno Oeste (three sites: MO-PU, MO-BA, and MO-PP),
Lake Morenito (two sites: MITO-1 and MITO-2), Lake Trébol (one site: TRE), Lake Ezquerra (one site:
EZQ), and Lake Escondido (one site: ESC).

The North Andean sector of Patagonia experiences a transitional oceanic-continental
cold temperate climate with dry summers dominated by prevailing westerly winds from
the South Pacific subtropical anticyclone. The precipitation regime in the region is highly
seasonal due to the southward movement of the anticyclone in summer and its opposite
movement in winter [51]. This seasonal climate creates two contrasting scenarios, the
dry season (from October to April) that coincides with the peak of solar radiation and
moderate to high air temperatures and the wet season (from the end of March to September)
that aligns with the cold period and accounts for 73% of the annual precipitation with a
mean value of ~1800 mm year~! [52,53]. The study lakes are primarily surrounded by
temperate evergreen forests, featuring mixed forests of Nothofagus dombeyi (Mirb.) Blume
and Austrocedrus chilensis (D.Don) Florin et Boutleje.

2.2. Water Collection and Processing

In this work, we pooled data collected during different campaigns carried out from
2013 to 2021 in seven North Andean Patagonian lakes (13 sampling sites, Figure 1). The
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study included three deep lakes, Lake Nahuel Huapi (NH), Lake Moreno Oeste (MO),
and Lake Moreno Este (ME), and four shallow lakes, Lake Trébol (TRE), Lake Escondido
(ESC), Lake Morenito (MITO), and Lake Ezquerra (EZQ) (Figure 1, Table 1). Sampling sites
were geographically recorded with GPS and revisited during different campaigns. Water
samples were carried out during both the dry and wet seasons to include the previously
reported natural spatio-temporal variability of DOM in the North Andean Patagonian
lakes [42,54-56]. Surface discrete water samples (at 0.5-5 m depth) were collected from a
boat with a Kemmerer bottle (4.2 L) at deep, offshore points of each lake. Samples were
poured into acid-cleaned polycarbonate carboys and stored in darkness. Overall, 107 water
samples were obtained during the complete study period (Table 1).

Table 1. Descriptive statistics of the in situ CDOM absorption coefficients at 440 nm [a%;lgm] and main
characteristics of the seven study lakes.
440 -1
Lakes Geogra'phic Zyax [m] Sedom ™ : : N
Location Average + 1SD Min Max

Lake Ezquerra EZQ 41°03’'S; 71°30'W 3.6 1.83 +0.17 1.52 2.08 9
Lake Escondido ESC 41°03'S; 71°34'W 8.0 1.05 £ 041 0.61 1.79 11
Lake Morenito MITO 41°03'S; 71°31'W 12.0 0.47 £0.12 0.34 0.75 23
Lake Trébol TRE 41°04'S; 71°29'W 12.0 0.30 £ 0.05 0.20 0.35 8
Lake Moreno Oeste MO 41°04'S; 71°31'W 90.0 0.063 +0.018 0.033 0.098 27
Lake Moreno Este ME 41°05'S; 71°29'W 106.0 0.053 £ 0.019 0.027 0.095 21
Lake Nahuel Huapi NH 41°02'S; 71°27'W 454.0 0.060 £ 0.034 0.033 0.106 8

Within 5 h from sampling, water samples were filtered in the laboratory through
prerinsed 0.22 um PVDF membranes (Millipore) to assess DOM characterization through
absorbance spectroscopy. Absorbance of CDOM was determined from the filtered samples
with a dual beam spectrophotometer (Shimadzu UV-1800) using 10 cm quartz cuvettes.
Absorbance spectra were recorded between 200 and 800 nm at 1 nm intervals against a
blank of ultrapure grade water (Milli-Q). The average absorbance from 700 to 800 nm was
subtracted from each spectrum to correct for offsets due to several instrument baseline
effects [57,58]. Absorbance units were converted to absorption coefficients (4, in units m~ 1)
as an indicator of CDOM quantity following [16]:

a) = 2.303'14)\ /1 (1)

where 2, (m™1) is the N apierian CDOM absorption coefficient at wavelength » (nm), A
is the spectrophotometric measured absorbance of the filtered lake water sample (dimen-
sionless), and [ is the optical pathway of the quartz cuvette in metres [59]. CDOM absorp-
tion was characterized by absorption coefficients at the reference wavelength of 440 nm
(afﬁgm, m~'), a value commonly used in limnological studies.

Furthermore, on several occasions, particulate absorption was also quantified to
characterize the absorption budget of the study lakes. Water samples (1-2 L) were filtered
using 25 mm diameter GF/F filters. After filtration, absorbance scans of total particulate
matter were measured by a dual beam spectrophotometer (Shimadzu UV-1800) from 300
to 750 nm at 1 nm intervals against a blank clean filter wetted with Milli-Q water using
the quantitative filter technique (QFT) and the simple transmittance method (T-Mode).
The QFT method was applied according to NASA protocols for absorption coefficient
measurements [59]. Absorption coefficients of non-algal particles were determined with the
methanol extraction method [60]. Absorption coefficients of total particulate matter a;,} (first

measurement) and absorption by non-algal particles a%ap (measurement after extraction)
were estimated according to the equation:

A oA 2303-Af,-S

aprunap - V’B/\ (2)
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where Af, is the measured absorbance with QFT (before and after methanol pigments
extraction), S is the clearance area of the filter, V is the volume of filtered water, and , is the
amplification factor vector [61]. The S factor was calculated following [62]. Phytoplankton

absorption was determined as a;,‘ — aﬁ,‘up, and the tabulated absorption coefficient for pure
water was taken from [63].

2.3. Satellite Imagery Processing

In this study, the satellite Landsat 8-OLI was used for retrieving the CDOM absorption
coefficient. Landsat Collection 2, Level 1 terrain-corrected (L1TP), and Level 2 surface
reflectance (L2SP) imageries at path/row (232/088) were freely downloaded from the
USGS website (https://earthexplorer.usgs.gov/) (accessed on 17 February 2022). Landsat
8-OLlI is a multispectral sensor that take measurements in the visible, near infrared, and
shortwave infrared portions of the electromagnetic spectrum with a 30 m spatial resolution
and a return interval of 16 days. Considering that lacustrine CDOM concentration has been
shown to be stable on a short-term basis (days to weeks), Landsat imagery within 30 days
of field sample collection was used for calibration/validation modelling. This time window
is within the previously reported interval used by several authors in CDOM remote sensing
of inland waters [24,32,37-39]. On average, field samples were collected within 9 days of
satellites overpass, ranging from the same day to 26 days (the latter only on two occasions).
The Landsat L1TP images were evaluated as top-of-atmosphere (TOA) and bottom-of-
atmosphere (BOA) reflectance. Atmospherically uncorrected images were evaluated using
calibration/validation models since several authors have found good results using TOA
for monitoring of water quality [36,64]. Images were converted from digital number to
TOA reflectance using the band-specific rescaling factors provided in the metadata files
associated with each image. See the method described in Chapter 4 of Landsat 8 Science
data user handbook (https:/ /www.usgs.gov/media/files /landsat-8-data-users-handbook)
(accessed on 17 February 2022).

To get BOA reflectance images, four different atmospheric correction algorithms were
assessed: Dark Object Subtraction (DOS1), Quick Atmospheric Correction (QUAC), and
the iterative two-band bio-optical-based algorithm (L2gen). Additionally, L2SP surface
reflectance images (processed with the Land Surface Reflectance Code, LaSRC) are ready-
made standard Landsat 8 products from the NASA Goddard Flight Center for terrestrial
applications. In brief, the DOS method is based on image information and considers only
the correction of atmospheric additive scattering [65]. The main idea is to identify the
darkest pixel in a spectral band in TOA reflectance and subtract this value from every
pixel within the respective band. This procedure was performed using the Semi-automatic
Classification Plugin (SCP) [66] in the open-source GIS software QGIS 3.28 Firenze [67].
QUAC is also an in-scene technique and performs the variance equalization of an image
based on selected endmembers that can be characterized by a unique spectrum from
an available library collection [68]. QUAC requires only the radiometric calibration and
centre wavelength information of each band from the multispectral sensor. This procedure
was applied to the Landsat 8 images using the ENVI 5.3 imaging processing software
package. In contrast, L2gen 9.6.0 V2023.1 (Level 2 Generator) is a software tool developed
by NASA, which is primarily used for processing ocean colour satellite data. However,
it has also been adapted for atmospheric correction of Landsat images. The tool is part
of the SeaDAS (SeaWiFS Data Analysis System) freely available software suite. L2gen
employs a combination of radiative transfer models to simulate the interaction of light with
the atmosphere. It accounts for scattering and absorption by gases, aerosols, and clouds
and is used to produce remote sensing reflectance products for Landsat 8 [69]. The four
atmospheric corrections described above have been successfully used either for estimating
the in situ remote sensing reflectance or for remote monitoring of water quality properties
in inland and coastal waters [70-74].

Finally, from TOA and BOA reflectance images, a 3 x 3 pixel window was defined as
the water area of interest at each lake sampling point and used to extract average reflectance
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from visible and near-infrared bands. Only nearly cloud-free scenes were used in the
calibration/validation process. Furthermore, a visual inspection of the obtained multi-
spectral reflectance images was used to remove scenes with anomalous spectra, generally
associated with strong wind days, high-altitude cloud contamination, and, particularly
for shallow lakes, the presence of ice or macrophytes. The abundant cloudiness of the
study area and the time window selected between satellite visit date and sampling yielded
64 calibration measurements corresponding to 20 clear image paths of Landsat 8 from
September 2013 to October 2021.

2.4. Model Calibration

Given the lack of in situ radiometric measurements, Landsat 8 TOA or BOA reflectance
obtained using different atmospheric corrections was used to develop a model to retrieve
afﬁgm. The potential of all visible bands [B1 (deep blue), B2 (blue), B3 (green), and B4 (red)]
and near-infrared band (B5, NIR) of the Operational Land Imager (OLI) instrument in
Landsat 8 was explored as well as all possible band ratios to predict CDOM. To create an
empirically based algorithm using satellite imagery, forward stepwise regressions were

performed. The CDOM absorption coefficient (4230 ), as well as its log-transformed value

(Ln a§§3m> , were the dependent variables, and single bands and all band ratio permutations

(in their original and log-transformed forms) were the independent variables. From the
forward stepwise results, the two independent variables that contributed most to the
regression fit were selected and applied in a multiple linear regression procedure (MLR)
following the general form:

a*% or Ln (a440 ) = bl-(band or band-ratio) + b2-(band or band-ratio) + b3 3)

cdom cdom

where a‘clggm or In (aﬁgm) are the CDOM absorption coefficient at 440 nm (in its untrans-

formed and log-transformed forms), b1-b3 are the regression coefficients of calibration
data, and band or band ratio combination is derived from the average reflectance obtained
for each evaluated 3 x 3 pixel window. The forward stepwise regression and multiple
linear regression steps were repeated for each of the five evaluated datasets (TOA, DOSI,
QUAC, L2gen, and LaSRC). In all the regression procedures, data were tested to verify
normality (Shapiro-Wilk test) and homoscedasticity (Spearman’s rank correlation). In
multiple linear regressions, to prevent collinearity between the two evaluated independent
terms, the variable inflation factor (VIF) was calculated, and only models with VIF < 3 were
selected [75]. In our dataset, the log-transformed value of 2240 presented better correlation
with both Landsat bands and band ratios than the untransformed absorption coefficient;

therefore, MLRs were performed with In 430 as the dependent variable.

2.5. Model Validation

The best fitting model obtained for each TOA and BOA reflectance product was
validated using the leave-one-out cross-validation (LOOCYV) technique. This method,
proposed by [76], is a rigorous cross-validation method that is considered an unbiased
estimator of model validation [77], being a valuable tool to validate algorithms in studies
with limited data, such as this study. To validate the best fitting model, one sample was
excluded as a validation datum, while the remaining 63 samples were used as training
data to fit a regression model with the same form as the best fitting model using the least-
squares technique. The resulting regression model was then used to estimate the In a0
value for the excluded sample. This process was repeated 64 times to estimate the CDOM
values of each water sample with extracted remote sensed information. The calibrated
models’ performance was evaluated using four statistical indicators. The coefficient of
determination (R?), the root mean square error (RMSE), the mean absolute percentage error
(MAPE), and the systematic error (bias). For better interpretability, measured and estimated
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CDOM values were converted back from the natural logarithmic scale before computing
the evaluation metrics. With a resulting unit of m~!, these metrics were defined as:

N .2
RMSE = w 4)
1 [x — il
MAPE = 100.— Yy X —¥il 5)
Ni; Yi
N 1.
Bias = ) (Y1) ®)

i=1
where x; and y; represent the satellite-estimated and the in situ observed value of the

parameter of interest (i.e, %30 values), respectively. N is the number of samples in
the dataset.

2.6. CDOM Time Series

To evaluate spatio-temporal variability of the CDOM absorption coefficient in the
study lakes, all available images of Landsat 8 (Collection 2, Level 1 terrain-corrected, and
Level 2 surface reflectance) were freely obtained from the USGS website. Images covering
the area of interest were downloaded from January 2016 to December 2020 (a total of
40 images were selected). The best performing band and band ratio empirical model ob-
tained was used to atmospherically correct the images and retrieve In 4%3° values. Then, a
cloud-free 3 x 3 pixel window at each lake was extracted from images and used for time se-
ries analyses following the same methodology described in Section 2.3. Satellite-estimated
In ufggm values were converted from multiplicative (logarithmic) to linear space (i.e., ob-
taining a satellite-derived a}}° value). On the other hand, monthly mean climatological
a0 maps were also calculated for the study lakes from the five-year study period. Lake
polygons were downloaded from the Instituto Geografico Nacional (IGN) [78] and used to
extract satellite-derived aﬁ‘ggm values for each entire lake. Only images with less than 10%
cloud cover over each lake studied were considered for mapping.

2.7. Meteorological Variables and Lake Hydrogeomorphic and Watershed Characteristics

A suite of environmental variables was evaluated to investigate the factors influencing
CDOM dynamics in North Andean Patagonian lakes. These included meteorological time
series data and lake hydrogeomorphic and watershed characteristics. Air temperature
(°C), rain precipitation (mm), wind speed (km h~1), solar radiation (W m?), and UV index
(dimensionless) were collected daily for the five-year study period from a meteorolog-
ical monitoring station (Davis Ventage Pro®) located at GESAP laboratory (INIBIOMA,
Bariloche, Argentina) (Figure 1a). The meteorological records from this station reliably
characterize the general meteorological conditions of the study area, with most of the
sampling sites located within a 15 km radius, with the exception of the NH-BR and NH-DH
sites, which were located at the northwestern and northeastern ends of Lake NH, respec-
tively (Figure 1b). Meteorological variables were assessed as monthly mean values for each
of the 5 study years, except for rain precipitation. Previous studies have indicated that
cumulative rainfall is a key variable in explaining the seasonality of CDOM in Patagonian
lakes [55,56,79]. Consequently, we analyzed the rain precipitation as an accumulative
monthly value during the five-year study period and at different time windows (7, 14, 21,
30, 60, 90 days) prior to the satellite visit over target lakes.

Regarding the lakes” hydrogeomorphic and watershed characteristics, data for each
of the seven studied lakes were either obtained from previous works [56,78-86], or from
HydroLAKES v. 1.0 [87] when lake parameters were not covered by earlier local studies.
The HydroLAKES is a global database that includes all lakes and reservoirs with a surface
area > 0.1 km? and contains an important information about different water and catchment
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characteristics. The following lake and watershed characteristics were evaluated: lake area
(Km?), lake perimeter (Km), lake volume (Km?), lake perimeter to lake area ratio (lake
peri./lake area, Km™1), lake depth maxima (Zypax, m), lake depth average (Zayg, m), water
resident time (WRT, years), watershed area (Km?), and watershed area to lake volume ratio
(wshd. area/lake volume, Km™!). These features were evaluated for each of the seven study
lakes as static variables, and therefore, seasonal changes were not considered. In contrast,
the water storage of Lake Nahuel Huapi (hm?®) was obtained as monthly records from
published hydrometeorological reports by the Autoridad Interjurisdiccional de Cuencas
(AIC) [88]. North Andean Patagonian lakes have shown a clear synchrony of water levels
between dry and wet periods [79], and the water storage of Lake Nahuel Huapi has been
previously considered as a good proxy of water level at the basin scale [56].

Overall, a total of 21 environmental variables were evaluated to explain the spatio-
temporal variability of the satellite-derived a*}’ ~values throughout the five-year study

cdom
period (see Table S1 for a statistical description of the evaluated environmental variables).

2.8. Gradient Boosting Regression

Gradient boosting regression tree (GBRT) is a highly prevalent machine learning al-
gorithm that has demonstrated efficacy across a multitude of domains, including ecology
and environmental studies [89-91]. GBRT employs the strengths of two powerful algo-
rithms: regression trees, which model the relationship between a response variable and
its predictors through recursive binary splits, and boosting, an adaptive technique that
enhances predictive performance by combining numerous simple models. GBRT enables
the analysis of the relative importance of different types of explanatory variables as well as
the investigation of the manner in which distinct parameters influence the prediction of a
response variable. This approach has the potential to elucidate underlying environmental
processes [92,93]. GBRT offers significant improvements because it does not require the
prior transformation or elimination of outliers, which results in enhanced performance
across a wide range of tasks. One of the primary strengths of GBRT is its ability to model
complex interactions and non-linearities, which makes it less sensitive to the problems
caused by collinear features [94]. In this work, GBRT was implemented to investigate
the relationship between satellite-derived 4%3° values (in a linear space) and the 21 en-
vironmental variables assessed (meteorological, lake hydrogeomorphic, and watershed
characteristics). Satellite-derived mean a2’ values obtained from each of the 3 x 3 pixel
windows at each lake for the five-year study period were used as dependent variables. On
the other hand, environmental variables were implemented as independent, explanatory
variables. Although collinearity is not a critical issue in GBRT, it is beneficial to address it to
achieve more interpretable results. In order to reduce the number of explanatory variables
in the final GBRT setup, all the environmental variables were cross-correlated using the
corrplot package in R software 4.4.1. If several variables exhibited a significant correlation
with one another (R > 0.5), the variable exhibiting the highest correlation with satellite-
derived a0 was retained. To validate the GBRT model, the dataset was randomly divided
into training (70%) and testing subgroups (30%). Furthermore, a k-fold cross-validation
(k = 10) was performed on the training dataset, providing a more reliable estimate of model
performance. The resulting model was then subjected to evaluation using the test dataset.

2.9. Statistical Processing

For analyzing differences in mean values of the CDOM absorption coefficient (in situ
and satellite-derived) among lakes, seasons, and months, a one-way ANOVA test followed
by the Holm-Sidak pairwise comparisons method was used to determine significance.
When the normality test failed (Shapiro-Wilk), the non-parametric Kruskal-Wallis test was
applied followed by Dunn’s method for all pairwise comparisons. Multiple linear regres-
sions (MLRs) were performed in R free software, version 4.3.1 [95]. For stepwise (backward
direction), the step function was implemented, and the degree of multicollinearity was
evaluated to determine the variance inflation factor (VIF) using the car package and the
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vif function. Validation of empirical band and band ratio models were performed using
the LOOCV method in R software using base code and the TrainControl function from the
caret library. Gradient boosting regression tree (GBRT) was implemented in R using the
gbm package.

3. Results
3.1. In Situ CDOM Absorption and Water Quality Measurements

Sampled surface waters of the study lakes presented very low to moderate values
of CDOM, with absorption coefficients at 440 nm ranging widely from 0.012 to 2.12 m ™!
(mean ”?ggm = 0.41 4+ 0.54 m~!). Deep lakes presented significantly lower mean CDOM
values (2210 =0.06 = 0.02 m™!) than shallow lakes (a2’ =0.80 4 0.58 m~!) (KW-ANOVA,
p < 0.001). The lowest mean afggm value was registered in ME (0.053 + 0.019 m~!) and

highest value in EZQ (mean af;igm =1.83 £ 0.17 m~1). Further information of in situ CDOM
values and main lake properties are shown in Table 1.

Even if an uneven distribution of water samples through years and month was ob-
tained, a clear seasonality in in situ a}4) values could be elucidated irrespective of the
lake’s type. Overall, shallow lakes presented with around 39% lower mean a21)  values
(0.42 £ 0.13 m~!) during the austral summer and early autumn period than during the late
winter and spring period (0.69 & 0.43 m~!). Deep lakes also showed lower mean CDOM val-
ues (around 23%) during the summer and early autumn period (afﬁgm =0.052 4+ 0.017m™ 1)
than the winter and spring period (a?ﬁgm =0.063 & 0.021 m~1).

Regarding the underwater light climate in the study lakes, the total absorption bud-
get showed the importance of CDOM in the light absorption process at lower wave-
lengths (Figure S1). CDOM dominated the total absorption coefficient between 380 and
~510 nm in deep lakes (e.g., ME, Figure Sla) and up to ~580 nm in shallow lakes (e.g., ESC,
Figure S1b), except for TRE. In this lake, the total absorption in the blue and green wave-
lengths was co-dominated by both CDOM and suspended particles (mainly non-algae and
detritus) (Figure Slc). In all lakes, irradiances > 600 nm were mainly absorbed by the water
molecules themselves.

3.2. CDOM Absorption Retrieval Algorithms

Table 2 shows the calibration results of retrieving In agggm with different satellite data
levels (i.e., TOA, DOS1, QUAC, and L2Gen). The standard USGS land surface reflectance
product (LaSRC) rendered unreal results (Rs values < 0) for B4 and B5 bands in a high
proportion of target pixels in the study scenes, and consequently were not taken into
account in the model calibration/validation process. MLR models were run with the entire
dataset (general model) as well as shallow and deep lakes separately (lake type-specific
models) (Table 2).

Considering the entire dataset, the calibration results showed a good performance
with DOS1 and QUAC routines presenting higher determination coefficients (R = 0.84 and
0.83, respectively) than the other two evaluated routines (Table 2). These two models used
the band ratio B2/B4 (blue/red) or In (B2/B4) as one of the model terms. A validation step
using the LOOCV method corroborated these results, with QUAC atmospheric correction
showing the best performance for the entire dataset (R?> = 0.81, RMSE = 0.41 m~!, and
MAPE = 47.4%) (Table 3, Figure 2a). This general model, however, presented a poor
predictive performance for 4%3° values < 0.11 m™! (typical values fond in the analyzed
deep lakes), with a clear overestimation for values between 0.05 and 0.11 m~! and an
underestimation for values < 0.05 m~!. Better results were obtained when the models
were calibrated for deep and shallow lakes separately. Calibrated results for deep lakes
showed that QUAC and DOS1 outperformed TOA and L2Gen (Table 2). QUAC showed
the best results with a model using B2/B4 (blue/red) and B2/B5 (blue/NIR) band ratios
(R? = 0.81, RSME = 0.010) (Table 2). In this model, the band ratio B2/B4 explained, by itself,
the highest proportion of observed variation in In %40 (R? = 0.72) (Table S2).

cdom
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Table 2. Coefficients and goodness of fit parameters from multiple linear regression-based algorithms

440
cdom

and data groups evaluated.

for retrieving In a values from calibration datasets with different atmospheric correction routines

Equation Coefficients
440

Data Independent RMSE

Levels Variables [X1, X2] # In ucdum = bo + bl'xl +b2.X2 R2 [m*l] p Value
by by b,
All lakes [N = 63]

TOA B3/B4, B1/B2 —35.62 —11.03 40.60 0.79 0.34 <0.001
DOS 1 B2/B4, B3/B1 10.67 —6.35 —3.74 0.84 0.40 <0.001
QUAC Ln (B2/B4), Ln (B1/B2) 0.63 —2.80 3.96 0.83 0.36 <0.001
L2gen B2/B4, B1/B2 -3.11 -1.71 5.40 0.74 0.38 <0.001

Deep lakes [N = 32]

TOA B3/B4 5.03 —4.30 0.57 0.012 <0.001
DOS 1 B2/B4, B2 —0.823 —-2.57 104.72 0.67 0.012 <0.001
QUAC B2/B4, B2/B5 —1.67 —0.18 —0.18 0.81 0.010 <0.001
L2gen B4 —3.53 97.36 0.43 0.014 <0.001

Shallow lakes [N = 32]

TOA B4/B3, B1/B2 —46.86 20.12 26.17 0.83 0.23 <0.001
DOS 1 Ln (B3/B4), Ln B5 2.77 —4.96 0.61 0.82 0.24 <0.001
QUAC Ln (B3/B4), Ln (B4/B5) 0.15 -1.8 —0.48 0.85 0.22 <0.001
L2gen B4/B3, B2/B4 —7.63 8.91 0.88 0.76 0.26 <0.001

# are the bands and/or band combinations [in normal or logarithmic form] used as independent variables in
two-term multiple linear regression models.

Table 3. LOOCV validation results and assessment of model performance for different atmospheric

correction routines and data groups. The best results in the analysis of model performance for

440

edom values are shown in bold.

retrieving In a

Data Levels R? I[{HI\I{SII]E l;;[:};l]z [::f?] Slope
All lakes [N = 64]

TOA 0.77 0.39 61.8 —0.003 1.11
DOS 1 0.79 0.59 47.6 0.005 1.10
QUAC 0.81 0.41 47.4 —0.005 1.09
L2gen 0.71 0.39 63.8 —0.106 1.15

Deep lakes [N = 32]

TOA 0.51 0.013 19.5 —0.0011 1.29
DOS 1 0.57 0.014 17.9 —0.0008 1.19
QUAC 0.76 0.012 13.9 —0.0006 1.10
L2gen 0.36 0.015 24.3 —0.0016 1.51

Shallow lakes [N = 32]

TOA 0.80 0.27 23.0 —0.005 1.07
DOS 1 0.78 0.32 25.5 —0.004 1.07
QUAC 0.82 0.21 22.0 —0.018 1.08
L2gen 0.71 0.29 25.5 —0.055 1.15

Validated models showed QUAC routine to render the more accurate performance for
deep, low-coloured lakes (R2 =0.76, RMSE = 0.012 m~! and MAPE = 13.9% m’l) (Table 3,
Figure 2b). Regarding shallow lakes, the lake type-specific model showed better results
with QUAC and TOA routines. A slightly better fit was observed with QUAC that included
the In (B3/B4) (green/red) and In (B4/B5) (red/NIR) band ratios (R? = 0.85, RMSE = 0.22)
(Table 2).
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Figure 2. Scatter plot of field-measured and estimated CDOM absorption coefficients at 440 nm
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correspond to validated models using the QUAC routine for all lakes together (a), deep lakes (b), and
shallow lakes (c). Model performance metrics are also shown.

) in the natural logarithm form using band ratio models of Landsat 8 imagery. Results

The single band ratio In (B3/B4) explained much of the observed variation in In 44°

(R? = 0.78) (Table S2). The validation procedure showed that the QUAC model rendered the
best performance for retrieving In aﬁ‘ggm in shallow lakes (R? = 0.82, RMSE = 0.21 m~!, and
MAPE = 22%), closely followed by the model using TOA reflectance (Table 3, Figure 2c).

We compared our results with two previously published models for estimating CDOM
in inland waters, both using BOA reflectance from the QUAC routine. Kutser and coau-
thors [39] found good results with a power model using the green/red band ratio. Similarly,
Alcantara and coauthors [96] achieved accurate estimations using a second-degree polyno-
mial function with a red /blue band combination. In general, these two models showed
lower predictive performance with our in situ data compared to the best models presented
here (Figure S3, Table 2). Calibration results for the entire dataset showed that both models
(power and polynomial) presented relatively high errors (RMSE > 0.29) and low coefficients
of determination (R? < 0.72). Both models notably overestimated the low CDOM values
observed in deep lakes (Figure S3a,d). However, when deep and shallow lakes were con-
sidered separately, the power model showed slightly lower performance for shallow lakes
(RMSE = 0.25 and R? = 0.79) compared to our specific model (Figure S3c, Table 2). Similarly,
the polynomial model yielded comparable calibration results for deep lakes (RMSE = 0.013
and R? = 0.75) when contrasted with our best model (Figure S3e, Table 2).

3.3. Spatio-Temporal Variability of CDOM in Study North Andean Patagonian Lakes

Lake type-specific models of QUAC routine were applied to 40 nearly cloud-free
Landsat 8 images acquired during the 20162020 period. From the processed images, a
total of 531 records of satellite-derived afggm values from 3 x 3 pixel window scenes were
used to analyze the spatio-temporal variability of CDOM in the study lakes. Since the
northwestern Patagonian region commonly presented very abundant cloudiness and strong
winds, it was not possible to obtain clear scenes for each month during the five-years study
period (for a more detailed explanation of image and scene processing, refer to Section 2.6).
Therefore, we focussed the analysis of CDOM seasonality on calculating the monthly mean
CDOM concentrations for a 12-month interval (from January to December) using obtained
satellite-derived a*4° values from 3 x 3 pixel window scenes for the 2016-2020 period. On
average, three images per month were obtained (eight per year), except for September and
October, where only one cloud-free image for each month was acquired. The limitation in
the frequency of Landsat imagery did not allow for a reliable evaluation of inter-annual
variability of CDOM during the evaluated period in this study.

In Figure 3, boxplots show the satellite-derived uﬁggm values at each sampled site per
lake ordered from higher to lower mean values, closely reproducing the observed in situ

inter-lake variation in CDOM (see Table 1).
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Figure 3. Boxplots showing the distribution of satellite-derived afggm values for each study lake,

ranked from higher to lower retrieved CDOM values. The distributions are presented as boxplots
where the central dashed line is the median of the data distribution, and the red diamond represents
the mean. The edges of the boxes denote the 25th and 75th percentiles, while the whiskers denote the
10th and 90th percentiles.

Satellite-derived %30 values ranged widely from 0.022 m~! in NH to 2.46 m ! in

EZQ, representing a coefficient of variation of 138%. On average, satellite-derived a ‘lelgm
values of deep lakes were 18% higher than in situ observations and 10% lower in shallow
lakes (except for TRE). In this lake, the satellite-derived aﬁgm values were on average 37%
higher than those observed in situ. The performance of our empirical algorithm in TRE
and the relationship with the observed underwater light climate in this lake is discussed
later in Section 4.1.

Besides differences in the retrieved CDOM among lakes, a clear intra-lake variation
was observed in each of the study lakes (Figure 3). This variation represents seasonal
and interannual differences in CDOM concentration during the 20162020 period. Even
if temporal variability in each of the study lakes was lower that the observed differences
among lakes, satellite-derived CDOM values showed a clear seasonal pattern. In deep
lakes, lower monthly mean aggm values, relative to the average value for the 12-month
period, were observed from January to April (Figure 4). In contrast, equal to or higher
monthly means were observed between May and December, apart from August in NH
(Figure 4a).

Similarly, shallow lakes EZQ and ESC presented lower monthly mean values in a
slightly longer time, between February to June, and equal to or higher during the July—
January period (Figure 5a,b). Regarding lakes MITO and TRE, lower monthly mean values
were observed between February to April and mean values equal to or higher during
the May—January interval (Figure 5c,d). From the above-described temporal variation in
retrieved values of a}]0 | two periods of low and high CDOM levels can be clearly estab-
lished for the deep and shallow study lakes. Deep lakes presented significantly lower mean
a0 values during the January-April period than the May-December one (KW-ANOVA,
p < 0.05; Figure S2). Similarly, shallow lakes EZQ and ESC showed significant lower mean
values during February—June than during the July—January period (KW-ANOVA, p < 0.05;
Figure S2). Particularly, lakes MITO and TRE presented a shorter period of low CDOM
levels, with significantly lower mean 4240 values during the February—April period than

the May-January one (KW-ANOVA, p < 0.05, Figure S2).
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Figure 4. Mean monthly satellite-derived u‘clggm values for deep study lakes. The mean value for the
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reference. The bars with values lower than the average for the 5-year study period are shown with a

striped pattern.
3.0
25 3 Lake Ezquerra (a)3
20 E -
15 3 X=1.70 (m™)

Jan Feb Mar Apr May Jun Jul Aug Sept Oct Nov Dec

Lake Escondido (b):

X=0.81(m™")

ohvhromodI®

00000

Jan Feb Mar Apr May Jun Jul Aug Sept Oct Nov Dec

1.0 3 Lake Morenito (c)3

%=0.52 (m™")

Satellite-derived azo, (m-1)

Jan Feb Mar Apr May Jun Jul Aug Sept Oct Nov Dec

1.0 4 Lake Trebol (d)3

0.8 3 3

0.6 4 i

04 3 1x=0.42 (m")
HETT 110 DLIREE

0.0 e

Jan Feb Mar Apr May Jun Jul Aug Sept Oct Nov Dec
Months

Figure 5. Mean monthly satellite-derived agggm values for shallow study lakes. The mean value for
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for reference. The bars with values lower than the average for the 5-year study period are shown
with a striped pattern.
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The previously outlined spatio-temporal variation of CDOM on a monthly scale,
observed for 3 x 3 pixel scenes in each study lake, was also noticeable for the entire lake
extent. CDOM algorithms were applied to Landsat 8 images, obtaining a good quality
mapping of lacustrine a0 = values at a 30 m spatial resolution. A synoptic view of CDOM
seasonality was achieved by separately mapping the low and high CDOM periods by
lake, showing clear differences between seasons at the lake level (Figures 6 and 7). In
general, lakes showed an even distribution of CDOM concentration in their surface waters.
Particularly, the generated maps were observed to perform poorly at the lakes” edges. This
issue was likely due to adjacency effects and the influence of shallow waters in the margin

areas that interfered with the reflectance values.
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Figure 6. Maps showing the spatial distribution of satellite-derived u?;lgm values in deep study

lakes for the low CDOM period (a,c) and the high CDOM period (b,d). The low CDOM period

corresponded to the January—April time window and the high CDOM period to the May-December

440

time window. The average raster a_;,

value for each period is indicated on the left side of the
colour legend.

3.4. Relationships Between Environmental Variables and CDOM Dynamics in North Andean
Patagonian Lakes

3.4.1. Meteorological Features and Water Storage

Throughout the five-year study period, variations in air temperature, precipitation,
and water storage revealed the marked weather seasonality characteristic of the North An-
dean Patagonian region (Figure 8). Mean daily air temperature was 8.41 £ 5.03 °C, showing
a clear pattern with higher values during the December-February period
(13.98 £ 1.15 °C) and lower values during the June-August period (3.07 £ 0.90 °C). In
contrast, rain precipitation presented an opposite seasonality. Mean cumulative rain pre-
cipitation was 80.92 £ 68.29 mm, with 5-fold higher mean values during cold months
(160.20 + 75.82 mm) than during warm months (30.43 &+ 22.24 mm). Mean daily wind
speed was high (12.19 4 6.27 Km h~!), with a Northwest-predominant direction. Higher
wind speed was observed during the October-February period (14.74 + 1.70 Km h~!) and
lower during the April-July period (8.89 & 1.64 Km h™1).
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Figure 7. Maps showing the spatial distribution of satellite-derived aff,gm values in shallow study
lakes for the low CDOM period (a,c,e,g) and the high CDOM period (b,d,f,h). The low CDOM period
corresponded to the February-June time window in lakes EZQ and ESC and the February—April time
window in lakes MITO and TRE. The high CDOM period corresponded to the July-January time
window in lakes EZQ and ESC and the May-January time window in lakes MITO and TRE. The

average raster a
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value for each period is indicated on the left side of the colour legend.
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Figure 8. Temporal variability of the main evaluated meteorological variables and water storage of
Lake Nahuel Huapi for the 2016-2020 period.

Water storage of Lake Nahuel Huapi showed a clear seasonality (Figure 8). Regardless
of the interannual variation, the lowest values for water storage were observed before the
beginning of rainy months (between March and April), followed by a first maxima during
or after the highest rain precipitation events (between July and September). A second and
commonly higher water storage maxima was observed during the October-November
period produced by the spring snow melting (Figure 8). Concerning solar irradiation
and UV index, the study site also presented, as expected, a clear seasonality similar to
that observed for air temperature. Mean irradiation value during the study period was
136.78 + 69.04 KW m~2, ranging between 37.69 KW m~2 in June and 242.69 KW m~2 in
January. The UV index (dimensionless) showed a mean daily value of 0.98 & 0.68, ranging
from 0.056 in July to 2.63 in January.

Differences in some evaluated meteorological variables were observed between years.
Annual cumulative rain precipitation showed the lowest value in 2016 (672.6 mm) and
highest value in 2017 (1340 mm). The lowest annual water storage was registered in 2016
(5170 hm?), but the highest annual value was observed in 2018 (9159 hm3). On a monthly
scale, the maximum water storage values were observed in November of 2017 (1001 hm?)
and 2018 (1127 hm?), while a minimum monthly value was recorded in June of 2016
(178.9 hm?).

3.4.2. Lake Hydrogeomorphic and Watershed Features

A noteworthy difference in lake hydrogeomorphic features and catchment character-
istics were observed among the study lakes, representative of the important variability
in lacustrine environments present in Nahuel Huapi National Park. Lake area of shal-
low lakes ranged from 0.042 km?2 in EZQ to 0.33 km? in MITO (Table 4). In deep lakes,
lake area varied more widely, with MO presenting an area of 6.1 km? and NH an area of
557 km?. Similarly, lake perimeter and lake volume of shallow lakes varied from 0.88 km
and 0.79 x 10~* Km? in EZQ to 3.98 km and 1.55 x 1073 Km? in MITO. In deep lakes,
perimeter and volume ranged from 13.3 km and 0.2 km?® in lakes ME and MO, respectively,
to 357.4 km and 87.46 km?3 in NH. The lake perimeter to lake area ratio of shallow lakes
varied between 7.32 km~! in TRE to 20.7 km~! in EZQ. In deep lakes, this ratio ranged
from 0.64 km~! in NH to 3.16 km~! in MO. Regarding lake depth maxima (Zyax) and
lake depth average (Zayg), in shallow lakes these features ranged from 3.6 m and 1.84 m
in EZQ to 12 m and 6.20 m in TRE. In deep lakes, Zyax and Zyg varied from 90 m and
33.5m in MO to 454 m and 156 m in NH. Water residence time (WRT) was minimum in EZQ
(0.09 years) and maximum in NH (16.59 years) (Table 4). Concerning catchment charac-
teristics, watershed area of shallow lakes varied between 0.06 Km? in EZQ to 1.85 Km? in
TRE. In deep, large lakes, watershed area ranged from 23.8 Km? in MO to 4260 Km? in
NH. The ratio between watershed area and lake volume ranged from 48.7 km~! in NH to
1321.3 km™! in TRE.
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Table 4. Description of the hydrogeomorphic and catchment characteristics, assessed as static

variables, of the six study lakes. These parameters were evaluated as explanatory variables for

440

o values. References to the source of

the spatio-temporal variability of the satellite-derived a
information are also provided.

Hydrogeomorphic and

Catchment Lakei Lake Lake Lake Morenito Lake Moreno E. Lake Moreno O. Lake Nal}uel
. Escondido Trébol Ezquerra Huapi
Characteristics
Lake perimeter [Km] 1.46 [54] 227 [76] 0.88 [77] 3.98 [54] 13.30 [81] 19.30 [81] 357.40 [78]
Lake area [Km?] 0.09 [54] 0.31[76] 042 x 101 [77] 0.33 [54] 6.14 [81] 6.10 [81] 557.00 [78]
Lake P[erKi'n/,l?fe area 1613 7.32 20.70 12.09 2.16 3.16 0.64
Lake volume [Km?] 050 x 1073 [54]  0.14 x 1072 [85]  0.79 x 10~4[77]  1.55 x 10~3 [54] 0.41 [81] 0.20 [81] 87.46 [82]
Zyiax [m] 8.05 [54] 12.00 [79] 3.60 [77] 12.00 [79] 106.00 [81] 90.00 [81] 454.00 [78]
Zave [m] 5.10 [54] 6.20 [85] 1.84 [77] 5.10 [54] 67.00 [81] 33.50 [81] 156.10 [85]
WRT [years] 0.56 [54] 1.23[84] 0.09 [77,83] 0.50 [54] 2.29 [81] 0.98 [81] 16.56 [85]
Watershed area [Km?] 0.42 [54] 1.85 [80] 0.06 [83] 1.49 [54] 116.93 [81] 23.77 [81] 4260.00 [78]
Wshd. area/lake 838.00 1321.43 769.62 961.29 285.19 118.85 48.71

volume [Km™]

3.4.3. Drivers of CDOM Spatio-Temporal Variability

We investigated the influence of various environmental factors on the spatio-temporal
variability of satellite-derived CDOM concentration in the lakes under study. These factors
included hydrogeomorphic lake features (such as area, perimeter, volume, depth, water
storage, and WRT), catchment features (such as watershed area and watershed area to
lake volume ratio), and time series of meteorological features (such as air temperature,
precipitation, wind speed, irradiation, and UV index). A total of 12 out of 21 environmental
variables were used in the assessed machine learning technique, gradient boosted regres-
sion machine (GBRT). GBRT is generally robust to collinearity, which refers to the high
correlation between predictor variables in a regression problem. However, to ensure easy
model interpretation, we excluded variables with high correlation. For example, lake area,
lake perimeter, and lake volume were highly correlated with each other (r > 10.801) as well
as with the lake perimeter to lake area ratio. The latter demonstrated a stronger correlation
with satellite-derived 4230 values than the other three lake features and therefore was
included in the analysis. In terms of meteorological variables, cumulative rain precipitation
within 7-, 21-, and 60-day time windows showed lower correlation than rain precipitation
within 14-, 30-, and 90-day time windows (r > 0.6). Therefore, the former three rain time
windows were excluded. Similarly, the UV index and solar radiation were highly correlated
(r > 0.93), though UV index presented a stronger correlation with the independent variable
and was kept in the analysis.

The GBRT model explained a significant portion of the variation in satellite-derived
aggm values (R? = 0.96), with moderate errors (RMSE = 0.095 m~!, MAPE = 22%) for the
validation dataset (Figure 9a). This environmental model was designed for the deep and
shallow lakes together, covering a wide range of CDOM concentrations. However, GBRT
also produced good results when focusing on low aﬁggm values (deep lakes), with a lower
regression coefficient (R? = 0.61) but still moderate errors (RMSE = 0.020 m~!, MAPE = 26%)
for the validation dataset. For shallow lakes only, the GBRT model demonstrated accurate
performance with an R? value of 0.92 and low errors (RMSE = 0.155 m~!, MAPE = 16%) for
the validation dataset.

The hydrogeomorphic lake and watershed features, including the lake perimeter to
lake area ratio, Zayg, watershed area to lake volume ratio, and lake water storage, were
found to be the most significant environmental variables in explaining the observed spatio-
temporal variability of surface waters CDOM in this study (with a relative importance of
around 90%, as shown in Figure 9b). In contrast, time series of meteorological variables,
including rain precipitation in a time window of 90, 28, and 14 days; air temperature;
wind speed; and UV index, played a comparatively lower role (relative importance ~10%)
(Figure 9b). It is worth noting that the lake perimeter to lake area ratio was the most
important explanatory variable, showing a strong positive relationship with satellite-

derived 4% values (R? = 0.79). However, with the exception of the lake water storage,
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the lake perimeter to lake area ratio, together with other specific lake and catchment
characteristics (Zayg and wshd. area/lake volume), were assessed as static variables. This
means that they varied among lakes but not over time. Therefore, these characteristics
strongly explain differences in CDOM concentration between the study lakes (inter-lake
differences). On the other hand, water storage, together with cumulative rain precipitation
(within a 90-day window) and air temperature, as well as other dynamic meteorological
variables, effectively explained the temporal variability of CDOM in each lake (intra-
lake differences).
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of satellite-derived a values in study lakes. In (a), the training and validation datasets and a

Insights into the type of relationship between the target variable (satellite-derived aﬁgm

values) and one or more input features (environmental drivers) can be interpreted from the
partial dependence plots, which control the effects of other features (see Figure 10). These
plots suggest that the lake perimeter to lake area ratio, watershed area to lake volume ratio,
water storage, and rain precipitation in a 90-day window (Figures 10a, 10c, 10d and 10e,
respectively) had a positive effect on CDOM. Conversely, Zayg and air temperature had a
negative effect on CDOM (Figures 10b and 10f, respectively). Other variables, such as wind
speed and WRT, had a non-linear relationship with CDOM, although the UV index and
rain precipitation in 28- and 14-day windows had a positive effect (Figure S4).
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4. Discussion
4.1. Remote Sensing of CDOM in Inland Waters: From Clear to Brown Lakes

The remote sensing of CDOM in inland waters has been significantly advanced by
the growing demand for accurate estimates of the aquatic carbon budget at appropriate
spatio-temporal scales. This arises in relation to the current consensus on the crucial role
of inland waters in the global carbon cycle [1,4,97]. Despite the motivation behind this
research topic, the goal of achieving a global estimate of CDOM using remote sensing, and
indirectly of DOC concentration at continental or global scales, remains elusive. Among
various difficulties that have hampered remote sensing of water quality in inland waters
and particularly of CDOM [23,24,33], one that stands out is the fact that there are currently
no satellites specifically designed to observe inland waters. Consequently, data from
sensors designed for terrestrial or marine applications are employed to investigate water
quality, with the specific characteristics of these sensors adapted to the complex aquatic
environment [73,98-101].

Notwithstanding the peculiarities affecting remote sensing estimation of CDOM, sev-
eral studies in inland waters have reported moderate to good results using empirical band
ratio models [29,102,103]. However, these investigations showed a significant heterogeneity
in the key issues for the development of remote sensing algorithms, making it difficult to
draw clear generalizations and conclusions. For example, several studies implemented
a single band ratio to retrieve CDOM absorption [28,30,31,35], although others used a
two-term model of band and band ratio [37,38,104]. More complex models implementing
machine learning methods have also been reported with promising results [105-107]. Fur-
thermore, different data inputs (TOA, BOA, surface reflectance, remote sensing reflectance)
and atmospheric corrections have been commonly used [40,108,109].

In addition to the methodological variability described above, it is important to note
that there is still a lack of research analyzing remote sensing of CDOM in lakes with very
low to low CDOM concentrations. Various investigations have compiled in situ measure-
ments of CDOM in inland waters on a global scale [110-112]. However, these databases
are not yet representative of the majority of continental water bodies. For example, lakes
in Argentine and Chilean Andean Patagonia are seldom represented, as these waters are
characterized by very low to moderate CDOM concentrations [49,113]. To the best of our
knowledge, only a few papers have focused on the remote sensing of low CDOM concentra-
tions in inland waters [40]. These authors conducted a study on waters from the Sacramento
River and Lake Erie and found that the blue/red band ratio of Landsat 8 remote sensing
reflectance was the best model for predicting low CDOM values (mean a*40 =0.524 m~};
range 0.07-1.24 m~!). They observed that in these low-coloured waters, the optimal short
band was changed from green to blue. This is because CDOM absorption at blue wave-
lengths may contribute a greater proportion of the total absorption budget than at other
higher wavelengths.

Our work supports that of Chen et al. [40]. We found that in deep Andean lakes with
very low CDOM concentrations (mean aﬁggm =0.06 m1; range 0.027-0.106 m’l), the best
two-term model using surface reflectance and QUAC atmospheric correction included
the blue/red band ratio. This band combination alone explained 72% of the observed
variability in In a0 . In these waters, CDOM absorption commonly accounted for over
60% of the total absorption budget at blue wavelengths [50]. However, given the low
concentration of CDOM, the water leaving signal remained strong at these wavelengths,
resulting in relatively high signal-to-noise ratios. Our findings suggest that remote sensing
can detect CDOM values lower than those assessed by Chen et al. [40], expanding the range
of investigation for this important water quality variable from space.

Regarding shallow North Andean Patagonian lakes, the outcomes presented here
are consistent with previous studies that have found the green/red band ratio to be the
most effective band combination for retrieving CDOM in waters with moderate to high
concentrations of this optically active substance. In the shallow study lakes, CDOM pre-

sented low to moderate concentrations (mean a?ﬁgm =0.78m1; range 0.23-2.04 m’l), and
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the green/red band ratio alone accounted for 78% of the observed variation in In aﬁflgm.

Absorption at blue wavelengths in these waters was approximately five times higher than
in deep Andean Patagonian lakes. As a result, the signal-to-noise ratio at this spectral
region was decreased due to the combined absorption of CDOM and suspended particles.
However, in shallow lakes (excluding Lake Trébol), CDOM still dominated the absorption
budget at green wavelengths, albeit with much lower absolute values than at the blue
spectral region. This makes it possible to estimate CDOM in these waters using the green
band. Lake Trébol presents a similar contribution of both CDOM and suspended particles
to the absorption process between 460 and 580 nm (refer to Figure Slc). This has been pre-
viously described by [50,114]. Estimating CDOM from space in this water body, and others
with similar underwater light climates, may be challenging due to either high absorption
coefficients at blue wavelengths or the significant absorption contribution of particles at
green wavelengths. In particular, this could explain the higher satellite-derived a0 values
in Lake Trébol compared to those observed in situ. These results emphasize the significance
of accurately characterizing the optical properties of inland water bodies to improve remote
sensing estimation of water quality parameters. In addition, satellite remote sensing of
CDOM in shallow Andean Patagonian lakes seems likely to be less sensitive than deep
lakes to atmospheric conditions. All the evaluated atmospheric correction routines selected
the green/red band ratio (or its reciprocal), with TOA reflectance performing as well as the
best model using QUAC. This has been previously reported by different authors showing
comparatively good results using either TOA reflectance or atmospherically corrected
images in lakes presenting moderate to high CDOM concentrations [36,115].

Our research also demonstrates that the algorithms developed in this study provide
improved estimates of CDOM compared to previously published models in the specific
context of our study lakes. Notably, both our models and those of Kutser et al. [39] and
Alcantara et al. [96] showed strong performance when using the blue/red band ratio for
deep lakes and the green/red band ratio for shallow lakes. This indicates the sensitivity
of the blue and green spectral regions of satellite imagery to accurately describe CDOM
in the concentration ranges that characterize inland waters and suggests that tailoring
remote sensing algorithms to the unique optical characteristics of different lake types can
improve the accuracy of CDOM estimates. As previously stated by Chen et al. [40], a
future direction for simultaneously estimating very low to very high CDOM lacustrine
concentrations could be the development of empirical models based on optical classifica-
tion of water bodies. Several authors have demonstrated that the remote estimation of
CDOM can be enhanced by dividing datasets based on trophic status [116], chlorophyll a
concentration [117], and turbidity levels [118]. In our study, when deep and shallow lakes
were analyzed separately, empirical models exhibited a significant improvement in CDOM
estimation. The application of specific models for lake types resulted in a reduction of
MAPE by approximately 53% for shallow lakes and 70% for deep lakes, in comparison to all
lakes pooled together. Moreover, it is evident that the classification of the studied Andean
Patagonian lakes based on their morphometric parameters (i.e., deep large and shallow
small lakes) is associated with distinct difference in their underwater optical characteristics.
This emphasizes the necessity for the utilization of distinct remote sensing models (i.e.,
different band combinations) to accurately estimate CDOM from space.

Our evaluation of different atmospheric correction methods revealed that empirical
and physically based approaches, such as QUAC and DOS1, provided the most accurate
estimations of CDOM concentrations in the clear waters of the Andean Patagonian lakes.
QUAC showed superior performance, likely due to its flexibility in adapting to the optical
properties of the region without relying on detailed atmospheric data [68]. In contrast, more
complex methods like L2gen and LaSRC performed less effectively. L2gen faced limitations
in clear waters due to aerosol selection errors, adjacency effects, and low signal-to-noise
ratios in the blue and green bands [119,120]. Accurate aerosol information is crucial for
high-quality reflectance retrievals [69], and environmental factors like solar zenith angle
and wind speed can affect its accuracy. Furthermore, LaSRC has shown to be less accurate
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in inland waters, particularly in the blue bands, as it estimates aerosols over land and
extrapolates these estimates over water, leading to inaccuracies [120].

4.2. Spatio-Temporal Variability of CDOM in North Andean Patagonian Lakes and Its Main
Driving Forces

Given the active role of inland waters in the carbon cycle, it is crucial to understand
the spatio-temporal dynamics of DOM, as well as its main drivers and sink processes, to
improve estimates of carbon stocks in lakes [1,3,121-123]. This understanding can also aid
researchers in assessing the potential impacts of environmental changes, such as climate
change, on lacustrine biogeochemistry and other important processes mediated by CDOM,
such as water transparency and the quality of drinking water, among others.

Measuring the extent of spatial and temporal variability in ecosystems’ characteristics
is the initial step towards understanding ecological processes [124]. This task is particularly
challenging for ecosystem properties that are influenced by various factors operating at
different scales. An example of such ecosystem properties is the concentration of DOM in
lakes. It acts as an indicator of the impact of landscapes on lakes and mirrors a multitude
of processes occurring in both terrestrial and aquatic environments [14].

In landscapes where wetlands or forests predominate, lacustrine DOM is mainly de-
rived from terrestrial sources rather than being primarily generated within the lake through
internal processes [125-127]. Allochthonous DOM inputs from the surrounding watershed
are connected to the lake through surface runoff and groundwater inflows. Meteorological
conditions, therefore, can strongly affect these hydrological inputs. Alterations in rainfall
patterns have a significant impact on the delivery of DOM to aquatic ecosystems. Con-
sequently, climate change could influence DOM inputs to lakes, as significant reductions
in DOM can occur during dry periods [128-130]. Conversely, increases in precipitation
on annual or shorter time scales lead to counteracting effects by promoting carbon ex-
ports from the drainage network to lake waters [131-133]. In addition to the direct link
between precipitation and DOM concentration in aquatic environments, several studies
have reported the importance of other climatic variables (or those related with) as drivers
of seasonal and interannual variability of DOM. For example, air temperature [134,135],
solar radiation [136,137], and lake water level [89] have been identified as key drivers of
DOM concentration. Furthermore, auxiliary variables related to weather, such as ice-out
dates, day of year, month, and the duration of the growing and runoff seasons, have been
also demonstrated to explain temporal variability in DOM [131,134,138].

At the spatial scale, catchment characteristics (e.g., soil type, vegetation cover, drainage
extent, etc.) and lake features (e.g., lake area, perimeter, volume, altitude, WRT, etc.) have
been found to be significant drivers of inter-lake differences in either DOC or CDOM
concentrations. For example, a global study showed that altitude was the most impor-
tant feature explaining the spatial variation of DOC [139,140]. However, when the global
lake data were divided into regional subsets, other catchment and lake characteristics
(e.g., lake area to drainage area ratio) explained a significant amount of DOC variabil-
ity [139]. Similarly, Xenopoulos and Schindler [141] found that in northern temperate lakes
from the Upper Great Lakes region, DOC variability was mainly explained by the lake
and watershed properties (i.e., the proportion of lake perimeter and catchment occupied
by wetlands).

From the above evidence, it can be concluded that the dynamics of DOM in lacustrine
ecosystems are influenced by a complex interplay of spatio-temporal factors. Of particular
note is the important role that catchments and lake characteristics play in modulating
the impact of climatic forces on DOM dynamics. Our research provides a compelling
illustration of how lake and watershed characteristics interact with climatic forces to shape
CDOM spatio-temporal variability. Over a five-year period, we identified the lake perimeter
to lake area ratio, Zayg, watershed area to lake volume ratio, and water storage as the most
important parameters explaining the observed spatio-temporal variability in CDOM in the
surface waters of the six study lakes. It is noteworthy that the first three variables (assessed
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as static variables) were instrumental in explaining the differences in satellite-derived a}1)

values among lakes. These inter-lake differences constituted the primary source of CDOM
variability in our dataset, representing a coefficient of variation of 135%. In contrast, the
temporal variability (reflected in CDOM differences within each lake) was comparatively
lower, with values ranging from 21% in Lake EZQ to 43% in Lake NH. This intra-lake
variability generally followed a coherent pattern among lakes, with lower satellite-derived
afggm values typically observed during the summer to early autumn period and higher
values during the winter to spring period. This synchrony was largely attributed to lake
water storage, which serves as a proxy for the seasonal and interannual variations in water
levels at the local scale, followed by the cumulative rain precipitation in a 90-day window
and the air temperature. Lake water storage likely integrates the effects of both winter
precipitation and spring snowmelt, which dictate the timing and amplitude of DOM pulses
into the lakes. In summer, an abrupt drop in water level leads to a significant reduction in
the transfer pathways of dissolved carbon between terrestrial and aquatic environments.
This is followed by an increase in photodegradation processes within the lakes, induced by
higher UV irradiance levels, leading to a decrease in the average molecular size of DOM
and a progressive loss of colour in lake surface waters.

In our model, while the most important variables demonstrated clear and expected
relationships with CDOM, some of the less important variables, such as the alternative
rainfall windows (of 14 and 28 days), also showed straightforward relations. These rainfall
windows may be indicative of different CDOM input pulses, like the dissimilar responses of
DOC to precipitation events observed by Warner and Saros [142] in boreal lakes. However,
certain evaluated variables, such as WRT and UV index, yielded results that were less
intuitive. The wide range of WRT values across the lakes (from 0.09 to 16 years) may have
obscured the effect of this variable. Lake Nahuel Huapi exhibited a significant deviation in
WRT from the mean. The positive relationship between UV index and CDOM observed in
the partial dependence plots may reflect complex interactions with other environmental
variables, which warrant further investigation in future studies.

It is important to emphasize that the environmental model presented in this paper
is a simplified model. The evaluated hydrogeomorphic characteristics of the lakes are in
fact parameters with a temporal variability, and although these should covary in some
way with the main forcing meteorological variables, the inclusion of this dynamic in future
environmental models could improve the description of the spatio-temporal variability
of the lacustrine CDOM. On the other hand, the use of the water storage of Lake Nahuel
Huapi as a reference for the seasonal variability of the water levels in the study lakes is also
a simplification, and its temporal evaluation for each lake could significantly improve the
description of the CDOM seasonality in the study lakes. Radar and laser altimeter satellites
are valuable tools for describing seasonal variations in lake water levels. However, these
instruments have limitations in spatial and temporal scales, primarily due to land coverage
and revisit times, which can hinder the study of small lakes or the detailed analysis of
water level seasonality in large lakes [143,144]. The launch of the SWOT (Surface Water
and Ocean Topography) satellite in December 2022 is expected to significantly enhance the
description of this critical variable in the study area, enabling a more detailed understanding
of the key environmental factors that influence CDOM spatio-temporal variability in North
Andean lakes.

This investigation aligns with previous studies of Andean Patagonian lakes. Research
in this mountainous region, focusing on the optical properties of DOM, has highlighted
strong terrestrial-aquatic linkages, showing a dominant contribution of terrestrial DOM to
the carbon pool in headwaters and lakes [54,145,146]. Additionally, the seasonality of DOM
has been strongly linked to climate forcing variables. Terrestrial inputs of both dissolved
and particulate organic material increase with precipitation, which enhances runoff during
the wet season, whereas dry periods are characterized by lower hydrological connectivity
and increased photobleaching of lacustrine CDOM [55,56,83]. Furthermore, research has
demonstrated the modulating role of hydrogeomorphic and watershed characteristics on
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lake responses to climate forcings as well as the influence of landscape heterogeneity driven
by strong bioclimatic gradients on DOM properties [42,79,82,113].

The use of remote sensing in the North Andean Patagonian lakes has allowed for a
more detailed analysis of CDOM seasonality at a previously unexplored temporal scale.
However, high cloud cover and strong winds in this geographical area limited the assess-
ment of interannual CDOM variability using Landsat 8 imagery. Cloud cover significantly
limited the number of usable scenes for each month during the study period from 2016
to 2020, where an average of only three images per month were available, and in some
months, such as September and October, only one cloud-free image was obtained. The
implementation of Landsat 9, in combination with Landsat 8 starting from November
2021 in the study area, is expected to significantly increase the availability of clear satellite
imagery. This improved temporal coverage will facilitate more frequent and consistent
monitoring of CDOM concentrations, thereby enhancing the temporal resolution of the
analysis. Additionally, future research could benefit from incorporating satellite systems
with even higher temporal resolution, such as Sentinel-2, or applying more advanced cloud-
masking techniques to further address the challenges of cloud cover, which is particularly
prevalent in regions like Patagonia.

Characterizing the natural variability of CDOM in these aquatic ecosystems provides
a basis for establishing benchmarks to identify and quantify the impacts of climate change
and other anthropogenic alterations on the lake environment. This information enhances
the ability to estimate lacustrine carbon stocks at a regional scale and is crucial for long-term
planning and decision making in the context of environmental change.

Supplementary Materials: The following supporting information can be downloaded at:
https:/ /www.mdpi.com/article/10.3390/rs16214063/s1, Figure S1: Total spectral absorption coef-
ficient and contribution of different optically active substances to underwater absorption process.
The deep lake Moreno Este (a) and the shallow lakes Escondido (b) and El Trébol (c) as examples of
study lakes. Figure S2: Boxplots showing distribution of satellite-derived a‘cl;lg ;-
high-CDOM periods in the seven study lakes. Median and mean values for each period are indicated
within the box as solid black and red lines, respectively. Mean values for the entire 20162020 period
are also indicated in each panel with a short dashed black line as a reference. See Figures 6 and 7 for
descriptions of time windows corresponding to low- and high-CDOM periods in deep and shallow

lakes, respectively. Figure S3: Scatter plot of field-measured versus estimated CDOM absorption
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based on the green/red band ratio [39] and a second-degree polynomial function using the red /blue
band ratio [96]. The models were applied using Landsat 8 BOA reflectance from the QUAC routine
and in situ CDOM data, considering all lakes combined, as well as deep and shallow lakes separately.
The calibration results of Kutser’s power model are shown in panels (a, b, and c), and results of
Alcéantara’s polynomial model are displayed in panels (d, e, and f). Figure S4: Partial dependence
plots for the other six assessed explanatory variables from GBRT method. The y-axes (yhat, unitless)
represent the marginal effect of the predictor variable on the satellite-derived a‘c’ﬁgm values. Table S1:
Description of the 21 environmental variables evaluated to explain the spatio-temporal variability of
satellite-derived agggm values over a five-year study period. The hydrogeomorphic and catchment
characteristics of each of the seven study lakes, except for water storage, were assessed as static
variables (seasonal changes were not considered). Meteorological characteristics were collected daily
during the study period from a meteorological monitoring station located near the study area and
were expressed as monthly means for each of the five study years (dynamic variables). Table S2:
Calibration results of key single-band ratios for CDOM remote sensing in the present study dataset
with QUAC atmospheric correction. Table S3: Description of the hydrogeomorphic and catchment
characteristics, assessed as static variables, of the six study lakes. These parameters were evaluated
as explanatory variables for the spatio-temporal variability of the satellite-derived a‘é‘i}gm values.
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