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• Large Chilean Lake Panguipulli was
studied through remote sensing.

• Surface water temperature, turbidity
and chlorophyll a showed intra-lake
variation.

• Satellite data allowed wider observa-
tional scales of seasonal and spatial
anomalies.

• Mapping provided detailed synopsis of
sensitive areas for monitoring
programs.
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Central-southern Chile is characterized by a series of large lakes that originate in the AndesMountains. This region is
facing increasing anthropogenic impact, which threatens the oligotrophic status of these lakes. While monitoring
programs are often based on a limited spatial and temporal coverage, remote sensing offers promising tools for
large-scale observations improving our capacity to study comprehensively indicators of lake properties. Seasonal
trends (long-term means) and intra-lake variation of surface water temperature (SWT), turbidity and chlorophyll
a in Lake Panguipulli were studied through satellite imagery from Landsat 5 TM, 7 ETM+ and 8 OLI (1998–2018;
SWT, turbidity), and Sentinel-2A/B MSI (2016–2017; chlorophyll). Remotely sensed data were validated against
in situ data from monitoring database. Satellite-derived SWT (representing the surface skin layer of water, so-
called skin temperature) showed good similaritywith in situ (bulk) temperature (RRMSD0.17, R2=0.86), although
was somewhat lower (RMSD of 2.77 °C;MBDof−2.10 °C). Seasonal long-termmeans of turbidity from satellite im-
agery corresponded to those from in situ data, while satellite-derived predictions (based on OC2v2 algorithm)
overestimated chlorophyll a levels slightly in summer-spring. SWT ranged from 8.0 °C in winter to 17.5 °C in sum-
mer.Mean turbidity (1.6 FNU) and chlorophyll a (1.1 μg L−1) levelswere at their lowest in summer. Spatial and sea-
sonal patterns reflected the bathymetry andpreviously describedmixing patterns of thismonomictic lake:warming
of shallow bays in spring extended towider area alongwith summer stratification period,whilemixing of thewater
columnwas reflected in spatially more homogenous SWT in fall-winter. Spatial heterogeneity in summer was con-
firmed by a clear separation of different lake areas based on SWT, turbidity and chlorophyll a using 3-D plot. Map-
ping of spatial and seasonal variation using satellite imagery allowed identifying lake areas with different
characteristics, improving strategies for water resource management.
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1. Introduction

Central-southern Chile is characterized by a series of large pre-
mountain lakes (so-called North Patagonian lakes) originating in the
Andes Mountains. They have been described as monomictic, temperate
lakes, with highly transparent, oligotrophicwaters (Campos et al., 1981;
Soto, 2002). The very low chlorophyll a levels that are maintained in
these lakes have been explained by nitrogen limitation and deepmixing
depth (Soto, 2002), although the role of phosphorus was not ruled out
(Steinhart et al., 2002). Nitrogen limitation, commonly observed in
freshwater ecosystems of this region, has been associated with the
high capacity of the surrounding native forest soils to retain inorganic
nitrogen (Perakis and Hedin, 2002, Huygens et al., 2008) and with the
low deposition of atmospheric nitrogen (in contrast to polluted regions
in the northern hemisphere) (Hedin et al., 1995; Perakis and Hedin,
2002). Based on a recent analysis of a long-term monitoring database,
increase of nutrients and decrease of temperature at deeper layers

was observed in ten lakes of this region over an 18-year period
(1990–2008). The observed deep-water cooling trend was linked
with enhanced melting of glaciers, while deforestation and expan-
sion of urban areas was associated with the elevated nutrient input
(Pizarro et al., 2016). In fact, this region is currently facing multiples
environmental threats ranging from changes in land-use patterns
and intensive anthropogenic intervention (e.g. fish farming, urbani-
zation, tourism) (Pizarro et al., 2010, Echeverría et al., 2012; León-
Muñoz et al., 2013) and global change, which has been evidenced
by enhanced melting of glaciers (Bown and Rivera, 2007) and
changes in the regimes of temperature (Pizarro et al., 2016) and pre-
cipitations (Boisier et al., 2016). As these lakes present contrasting
characteristics to temperate lakes of the northern hemisphere
(Baigún and Marinone, 1995; Perakis and Hedin, 2002; Steinhart
et al., 2002; Llames and Zagarese, 2009), their responses to environ-
mental changes cannot be predicted based on observed processes in
lakes from other geographical locations.

Fig. 1. Lake Panguipulli in central-southern Chile (geographical location indicated with red square in the inset figure). Three sites (1, 4, 5; green numbers) of in situmeasurements (data
from the database of Red Minima de Lagos of Dirección General de Aguas, DGA, Ministry of Public Works, Chile) were used for ground validation. 10 × 10 pixel areas (white box) are in-
dicated for nine sites (1–9; red and green numbers) used for specific satellite data analyses (in addition to analyses of all the pixels covering the whole lake area). Bathymetric map is
redrawn from Campos et al. (1981) on Sentinel-2 image. Water body mask is also indicated. PA = Panguipulli Bay; PE = Peligro Bay; HU = Huanehue Bay; CH = Choshuenco Bay.
Ocean Data View (Schlitzer, R. 2016, http://odv.awi.de) used inmap creation. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version
of this article.)
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Overall lakes can be regarded as good sentinels of environmental
change owing to their relative sensitivity, rapid responses, and as they
reflect and incorporate changes also from their wider catchment area
and atmosphere (Adrian et al., 2009; Williamson et al., 2008, 2009a,
2009b). Currently the role of lakes as hot spots of carbon cycling and
regulators of climate has been recognized (Williamson et al., 2009b).
Along with the growing awareness regarding the importance of lakes,
not only in regional but also in a global scale context, there is an urgent
need to gain better understanding on their status and processes
(Shimoda et al., 2011; Palmer et al., 2015). A recent special issue has
also drawn attention to the Patagonian lakes as sensors of global change
(Modenutti and Balseiro, 2018).

Lake Panguipulli is oneof the large lakes in the north Patagonian lake
district in Chile (Fig. 1). It is situated in the Valdivian temperate forest
eco-region, which is among the 25 areas identified as biodiversity
hotspots based on high endemism of species together with exceptional
loss of habitat (Myers et al., 2000). Within this eco-region, UNESCO de-
clared in 2007 a Biosphere Reserve with unique and globally important
biodiversity (Pino et al., 2014). Limnological description of this lake in
the mid 1970s by Campos et al. (1981) revealed maximum transpar-
ency (Secchi depth around 15 m) in summer, while in winter-spring
the water clarity decreased markedly (around 5 m). The higher nitrate
levels inwinter coincidewith themaximal chlorophyll a levels reported

Table 2
Characteristics of the Sentinel-2A/B and Landsat 5/7/8 bands that were used for the index
calculations. In the case of the bands 11 and12 of Sentinelwith lower resolution, the pixels
were transformed to 10 m pixels by resampling (ACOLITE, SNAP).

Band Waveband (nm) Pixel (m) Characteristics

Sentinel-2A/B
2 440–538 10 Blue
3 537–582 10 Green
8 760–908 10 NIR
11 1539–1682 20 Swir1
12 2078–2320 20 Swir2

Landsat-5/7
2 520–600 30 Green
3 630–690 30 Red
4 770–900 30 NIR
5 1500–1750 30 Swir1
6 10,400–12,500 30 Thermal band
7 2090–2350 30 Swir2

Landsat-8
3 533–590 30 Green
4 636–673 30 Red
5 851–879 30 NIR
6 1566–1651 30 Swir1
7 2107–2294 30 Swir2
10 10,600–11,190 30 Thermal band 1
11 11,500–12,510 30 Thermal band 2

Table 1
The used Sentinel-2A/B and Landsat 5/7/8 images for the four seasons and the analysed parameters.

Season Satellite Date Parameter Season Satellite Date Parameter

SWT Turbidity Chl SWT Turbidity Chl

Summer L5 14-02-98 x x Winter L7 21-09-99 x
L7 11-01-00 x x L5 10-09-04 x x
L7 27-01-00 x L5 13-09-05 x x
L7 01-02-02 x L5 14-07-06 x x
L7 03-01-03 x x L5 30-07-06 x x
L7 20-02-03 x x L5 18-08-07 x x
L7 24-03-03 x x L7 17-07-10 x x
L5 14-01-04 x x L7 02-08-10 x
L5 16-01-05 x x L7 21-08-11 x x
L5 05-03-05 x x L7 22-09-11 x x
L5 21-03-05 x x L7 08-09-12 x x
L5 20-02-06 x S2A 01-09-16 x
L5 06-01-07 x x S2A 25-07-17 x
L5 23-02-07 x x S2A 16-09-17 x
L5 10-02-08 x x Spring L5 29-11-98 x x
L5 26-02-08 x x L7 23-10-99 x
L5 12-02-09 x x L7 10-12-99 x x
L5 28-02-09 x L7 29-11-01 x x
L5 19-03-10 x L5 23-12-01 x x
L7 27-03-10 x x L7 02-10-03 x x
L7 09-01-11 x x L5 10-10-03 x x
L5 18-02-11 x L5 27-11-03 x x
L7 26-02-11 x L5 12-10-04 x x
L7 12-01-12 x x L5 19-11-06 x x
L7 14-01-13 x x L5 05-12-06 x x
L7 03-03-13 x L5 24-11-08 x
L8 26-02-14 x x L5 10-12-08 x x
L8 28-01-15 x x L7 05-10-10 x x
S2A 05-03-16 x L7 27-12-11 x
L8 19-03-16 x x L7 10-10-12 x
L8 01-01-17 x x L7 11-11-12 x x
S2A 05-02-17 x L7 27-11-12 x x
L8 06-03-17 x x L8 24-12-13 x
L8 05-02-18 x x L8 24-10-14 x x

Fall L5 03-04-98 x x L8 11-12-14 x
L7 16-04-00 x x L8 11-10-15 x
L7 01-05-11 x x L8 28-11-15 x
L7 06-05-13 x S2A 17-11-16 x
L7 07-06-13 x x L8, S2A 30-11-16 x x
L8 18-06-14 x x S2A 27-12-16 x
L8 06-05-16 x S2B 27-11-17 x
S2A 29-04-17 x S2B 17-12-17 x
L8 09-05-17 x
S2A 19-05-17 x
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for that season (Campos et al., 1981; Pizarro et al., 2016). Despite the ob-
served tendencies in long-term water properties, Lake Panguipulli has
maintained an overall oligotrophic status (Pizarro et al., 2016). How-
ever, many of its current environmental classifications are based on
data with a very limited spatial and temporal coverage. Access to free
satellite data in recent years has opened new possibilities to use remote
sensing as a complementary tool in environmental monitoring, improv-
ing substantially the observational (spatial and temporal) scales
(reviewed by Palmer et al., 2015; Dörnhöfer and Oppelt, 2016). In con-
junction with traditional monitoring programs it can provide more
comprehensive data for watershed management (Schaeffer et al.,
2013). Remote sensing has proved to be a useful tool in water resource
management (Giardino et al., 2010, 2014), supporting definition of
water quality status (Bresciani et al., 2012, 2018) and monitoring pro-
grams (Philipson et al., 2016; Toming et al., 2016), however, has been
mainly applied in the watersheds of the northern hemisphere
(Dörnhöfer and Oppelt, 2016).

In the present study, remote sensing techniques were applied to es-
timate thewater quality status of Lake Panguipulli using key parameters
(surface water temperature (SWT), turbidity and chlorophyll a) that
could be predicted through satellite imagery and validated through
field observations. The aim was to 1) validate the satellite derived data
against in situ data from monitoring database, and 2) use remote sens-
ing to evaluate seasonal patterns and 3) intra-lake variation of water
characteristics in Lake Panguipulli. In order to present representative
overall mean seasonal trends, satellite imagery from 1998 to 2018
(Landsat 5/7/8; SWT and turbidity) and 2016–2017 (Sentinel-2; chloro-
phyll) were analysed. Mapping of seasonal and spatial variation of in-
herent water properties will give insights into the intra-lake
heterogeneity, allowing identifying zones with higher susceptibility to
environmental changes and thus improving strategies for water re-
source management and planning of monitoring programs.

2. Materials and methods

2.1. Study area

Lake Panguipulli (39° 43′S, 72° 13′W) is considered a warm
monomictic lake, with summer stratification (surface temperature 21
°C, hypolimnion 9 °C, thermocline reaching 40 m depth towards fall)
and circulation in winter (homothermia 9 °C in August) (Campos
et al., 1981). This fjord type lake with glacial origin is situated in a
deep Tertiary valley basin, which presents a deep, narrow canal that
widens towards west dividing into shallower bays (Fig. 1). The maxi-
mum depth of the lake is 268 m, the mean depth is 126 m, while ap-
proximately 23% of the lake has a depth of b30 m. The lake is 28 km
long, 9.7 km wide at its maximum, and has a surface area of 117 km2

and catchment area of 3811 km2 (Campos et al., 1981). It receives
water mainly from Llanquihue and Huanehue Rivers (both connected
to other lakes), in addition to five other smaller tributaries. The only
outflow is through the Enco River. Campos et al. (1981) estimated a the-
oretical renewal time of 16 months.

The main land use practices within the basin area are native forests
(84%) and livestock pasture (15%). Wetlands comprise 1.2% of the
basin area, while urban and open areas and forest plantation are less
represented (0.01–0.03% each) (Pizarro et al., 2016). The main popu-
lated areas are town Panguipulli (around 34.500 inhabitants) and
Choshuenco (b1000 inhabitants). Some of the rivers have fish aquacul-
ture activities.Mean annual precipitation in this region (with rainy tem-
perate climate) varies between 1800 and 2900 mm (Pizarro et al.,
2016). Precipitation is highest in winter, snowing occurring above ap-
proximately N800 m altitude (Steinhart et al., 2002). In this region,
there are active volcanoes, e.g. Villarrica, Llaima and Lonquimay
(SERNAGEOMIN, https://www.sernageomin.cl/red-nacional-de-
vigilancia-volcanica/).

2.2. Satellite imagery

Satellite images of Lake Panguipulli (Fig. 1) presenting clear sky con-
ditions for the major part of the lake area were selected, covering a pe-
riod from 1998 to 2018 for Landsat 5/7/8 and 2016–2017 for Sentinel-2

Fig. 2. Validation of the satellite (Landsat 5 (red), Landsat 7 (blue) and Landsat 8 (green))
derived surface water temperature (SWT; skin temperature) of Lake Panguipulli with in
situ measurements (bulk temperature) obtained from the database of Red Mínima de
Lagos of Dirección General de Aguas (DGA, Ministry of Public Works, Chile; 2006–2012)
and additional measurements (2016). Root mean square difference (RMSD), root mean
square relative difference (RRMSD), mean bias difference (MBD) and linear regression
(dashed line; R2) of also given. The satellite data used for validation correspond to 3 × 3
pixel area around three sampling sites 1, 4 and 5 (see Fig. 1). (For interpretation of the ref-
erences to colour in this figure legend, the reader is referred to the web version of this
article.)

Table 3
Algorithms and satellite bands used to calculate Automated Water Extraction Index (AWEI), sensor brightness temperature, turbidity and chlorophyll a, and the software used for their
analysis.

Parameter Algorithm Satellites and bands Software

Sentinel-2 Landsat 5/7 Landsat 8

Water body mask AWEIa 3, 8, 11, 12 2, 4, 5, 7 3, 5, 6, 7 SNAP
Temperature Top-of atmosphere brightness temperatureb – 6 10, 11 ACOLITE, SNAP
Turbidity T_Dogliottic – 3, 4 5, 4 ACOLITE
Chlorophyll CHL_OC2v2d 2, 3 – – ACOLITE

a Feyisa et al., 2014.
b https://landsat.usgs.gov/landsat-8-l8-data-users-handbook-section-5.
c Dogliotti et al., 2015.
d O'Reilly et al., 2000; https://oceancolor.gsfc.nasa.gov/atbd/chlor_a/.
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(A, B) (see Table 1 for dates for the images). Images of surface reflec-
tance from Landsat 5 Thematic Mapper (TM), Landsat 7 Enhanced The-
matic Mapper Plus (ETM+), Landsat 8 Operational Land Imager (OLI)
and Sentinel-2 (A, B)MultiSpectral Instrument (MSI) were used, all ob-
tained from the free access page (https://earthexplorer.usgs.gov/). Map
projection was WSG 84/UTM zone 18s, time of all satellites around
14:30 UTC. Variation of the zenith angle was from 31° (end of Decem-
ber) to 71° (end of June).

Landsat images were processed with ACOLITE software (Windows
version 20180419.0), which is optimized for sea and freshwater using
SWIR parameters for atmospheric correction (Vanhellemont and
Ruddick, 2015). Tomask clouds, cirrus and shadows, the Quality Assess-
ment (QA) bands were used and confirmed with visual inspection. At-
mospheric correction for Sentinel-2 images was carried out through
the Sen2cor module of the Sentinel Application Platform (SNAP version
6.0) software, provided by the European Space Agency (ESA) in the
STEP platform (http://step.esa.int/main/). The masks provided by
Sen2cor level-2A algorithm Scene Classification (SCL masks) were
used for clouds and shadows (see Huovinen et al., 2018). The gaps in
the images of Landsat 7 from 2003 onwards, due to the failure of the
scan line corrector (SCL), were filled with the SCL-off gap mask files
using the program Qgis 2,14. The obtained Rayleigh-corrected reflec-
tance (Rrc) data was used to calculate Automated Water Extraction
Index (AWEI; Feyisa et al., 2014; Tables 2–3) manually with SNAP in
order to separate the lake area from terrestrial environments (water
body mask).

Within the water area (AWEI mask), temperature of Landsat 8 im-
ages, indices for turbidity and chlorophyll a were analysed directly
with ACOLITE (Tables 2–3). For turbidity (FNU), a single-band,
switching algorithm of Dogliotti et al. (2015) (T_Dogliotti), using red
band at reflectance (red) b0.05, NIR band for reflectance (red) N0.07
and linear weighting in the transition zone (0.05–0.07), was applied.
For chlorophyll a, the Ocean Chlorophyll two-band (OC2v2) algorithm
based on blue/green band ratio (based on O'Reilly et al., 1998; updated
by O'Reilly et al., 2000) was used. This algorithm was not suitable for
Landsat (data not shown) thus Sentinel-2 with shorter-term data was
used. Temperature of Landsat 5/7 images was processed using SNAP
software, first transforming the digital numbers to radiance and then
to top-of-atmosphere brightness temperature (https://landsat.usgs.
gov/landsat-8-l8-data-users-handbook-section-5) (Tables 2–3). Infra-
red sensors measure thermal emission from the surface skin layer of
water (so-called skin temperature) in contrast to in situmeasurements
below surface reaching a deeper water layer (bulk temperature).

Further processing of all the indices and data was carried out with
SNAP software. Summer (January–March), fall (April–June), winter
(July–September) and spring (October–December) means were calcu-
lated for each pixel (spatial variation) as well as for the whole lake
area using available images from the 1998–2018 (Landsat) or
2016–2017 (Sentinel) period. Due to the climatic conditions and zenith
angle, the amount of suitable images for analyses was lower for fall and
winter (Table 1). For nine selected sites (see Fig. 1), 3× 3 pixel area (for
temperature) or 10× 10 pixel area (for turbidity and chlorophyll due to
higher heterogeneity of these parameters and smaller pixel size of
Sentinel-2 used for chlorophyll) was used to calculate monthly means,
and were also used for comparison with in situ measurements (see
below). Site 4 is closest to the shore (360 m measured from the center
of pixel). Sites 1 and 7 are 750–800 m from the shoreline, while sites
2, 5, 8 and 9 are within 1–1.4 km range. Sites 3 and 6 are the most pe-
lagic (1.6–1.8 km from the shore) (Fig. 1).

2.3. Field verification

Near-surface water data on temperature, turbidity and chlorophyll a
obtained from the monitoring database of the National Network
of Minimum Lake Control (Red Nacional Mínima de Control de
Lagos) of the General Water Directorate (Dirección General de Aguas,

DGA) of the Ministry of Public Works of Chile (http://www.dga.cl/
servicioshidrometeorologicos/) were used for field verification. In situ
data from three sampling sites (see Fig. 1) for Lake Panguipulli were avail-
able for a period of 2000–2012. Chlorophyll awas analysed spectrophoto-
metrically from filtered samples (Jeffrey et al., 1997), while temperature
and turbidity were measured in situ with multiparameter sonde (DGA,
2007; values N0 FNU were used). Additional near-surface temperature
measurements were made in the same sampling sites in November
2016. The satellite data correspond to 3 × 3 (temperature) or 10 × 10
(turbidity and chlorophyll) pixel area around the three DGA sampling
sites (1, 4, 5; see Fig. 1). In addition, sites 2 and 3 (currently site of DGA)
were included in the chlorophyll analyses in order to increase the number
of observations. Landsat 5/7/8 images of 1998–2018 (for temperature and
turbidity) and Sentinel-2A/B images of 2016–2017 (for chlorophyll) were
processed.

Fig. 3. Comparison between satellite derived and in situ data (mean ± SE (min-max), n
given in parenthesis inside the figure) on surface water temperature, turbidity and
chlorophyll a in Lake Panguipulli within each season (* significant differences according
to t-test). In situ data from 2000 to 2012 was obtained from the database of Red Mínima
de Lagos of Dirección General de Aguas (DGA, Ministry of Public Works, Chile). The satel-
lite data correspond to 3 × 3 (temperature) or 10 × 10 (turbidity and chlorophyll) pixel
area around the three DGA sampling sites (1, 4, 5; for chlorophyll also sites 2 and 3
were included; see Fig. 1). Landsat-5-7-8 images of 1998–2018 (for temperature and tur-
bidity) and Sentinel-2A-B images of 2016–2017 (for chlorophyll) were used. Statistical
analyses of seasonal differences for the satellite data are given in Table 4.
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Linear regression between satellite derived SWT (skin tempera-
ture) and in situ SWT (bulk temperature), as well as root mean
square difference (RMSD), root mean square relative difference
(RRMSD) and mean bias difference (MBD) were analysed. Due to
that coincidence of dates between field monitoring dates and avail-
able satellite images was limited, match-up window of 0–6 days
(with one exception of 9 days) for satellite and in situ data were
used. In the case of turbidity and chlorophyll a, due to the lack of
match-up of the dates, differences between satellite-derived and in
situ data within each season were tested using t-test. Seasonal differ-
ences of remotely sensed data were compared using one-way
ANOVA followed by Tukey post-hoc test (p N 0.05).

3. Results

3.1. Validation of satellite data

Landsat 5/7/8 derived SWT (skin temperature) showed linear corre-
lation with in situ SWT (bulk temperature) (R2 = 0.86), RRMSD (0.17)
also confirming a relatively good similarity between satellite and field
data. However, overall predicted SWT from satellite imagery was
lower than observed SWT, with RMSD of 2.77 °C and MBD of−2.10 °C
(Fig. 2).

When comparing seasonal means of long-term data sets, in winter
and summer satellite SWT was 1.3–2.3 °C lower than field data, while

Fig. 4.Mean summer (January–March; n= 29 images), fall (April–June; n= 6), winter (July–September; n= 10) and spring (October–December; n= 22) surface water temperature of
Lake Panguipulli during a period of 1998–2018 derived from Landsat 5/7/8 satellite images (30 × 30 m resolution) with clear sky conditions. Whole lake mean, minimum andmaximum
values are also given.
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in spring and fall both field and satellite data showed wider variation
and no significant differences (Fig. 3). Seasonal long-termmeans of tur-
bidity from satellite imagery did not show significant differences from in
situ data in any of the seasons. The range of minimum and maximum
values was wide. In the case of chlorophyll a, spring and summer
means from satellite were 0.5 μg L−1 higher than in situ. In fall and win-
ter, no significant differences were observed (Fig. 3).

3.2. Seasonal variation of water characteristics

Satellite-derived data indicated strong seasonal variation of SWT,
with whole lake averages ranging from 8.0 °C in winter to 17.5 °C in
summer. In fall, the cooling to 12.6 °C and in spring warming to 13.8
°C was observed (Fig. 4). This seasonal pattern was confirmed with
the analyses of the three sites (Table 4, see also Fig. 3). Based on the
analysis of monthly variation from 1998 to 2018 data from the nine
sites, SWT was at its lowest in July (mean 7.5–8.0 °C in sites 1–9) and
August (7.3–7.8 °C), starting to warm from September (8.2–9.0 °C) on-
ward. December (16.4–17.5 °C), January (16.7–17.8 °C), February
(17.6–18.2 °C) and March (16.9–17.2 °C) presented the highest SWT.
Higher inter-annual variation (SD) was observed in spring-summer
due to higher number of analysed images (Fig. 5).

Satellite data showed lower whole lake mean turbidity in fall and
summer (1.3–1.6 FNU) than in spring and winter (2.2–2.4 FNU)
(Fig. 6). The lower turbidity in summer than in winter was significant
in the analyses of the three sites (Table 4, see also Fig. 3). Based on the
seasonal analyses of chlorophyll a fromfive sites, only the difference be-
tween lower summer (1.1 μg L−1) and higher fall (1.9 μg L−1) levels
were significant (Table 4, see also Fig. 3).

3.3. Spatial variation of water characteristics

In spring (min-max 13.1–15.5 °C), fall (11.0–14.2 °C) and winter
(6.5–9.8 °C) the variation of SWT within the lake area was 2.4–3.3 °C,
while in summer spatial heterogeneity (6.1 °C) was higher (15.7–21.8
°C). Spatial and seasonal patterns of SWT reflected the bathymetry
andmixing patterns: warming of the shallowwaters in spring extended
to larger area along with summer stratification period, while mixing of
the water column towards winter was reflected in spatially more ho-
mogenous SWT (Fig. 4).

The whole-lake mean chlorophyll a concentration for spring-
summer period (2016–2017) was 1.1 μg L−1, ranging from 0.4 to 3.0
μg L−1. The highest concentrations were observed in the shallow bays,
while deepest pelagic areas showing lowest levels (Fig. 7).

Based on a three-dimension plot, the nine study areas were clearly
separated in summer according to the three studied parameters
(Fig. 8). The deeper, central sites (especially the deepest point site 9;
also sites 3, 4, 8) were separated from the bay areas (Huenehue Bay
(site 7), Panguipulli Bay (sites 1–2), Choshuenco Bay (site 5)) by
lower chlorophyll levels. Temperature further separated the central
sites and even more clearly the bay sites from each other as groups.
Deep Peligro Bay (site 6) and the southernmost site 5 (Choshuenco
Bay) close to a river effluent were associated with higher turbidity and
lower SWT. In winter, although a gradient of chlorophyll from lower
levels in the central-southern sites (4–5, 8–9) to higher levels towards
northern bay areas (site 1–3, 6–7) can be distinguished, the sites were
not clearly separated due to a rather homogenous SWT and strong var-
iation of turbidity within sites (Fig. 8). Overall, no significant relation-
ship between the three variables could be observed for all sites: only
in winter, SWT was significantly related with Chl a (Fig. 8).

In Huenehue Bay (site 7) SWTwas above lake average during all the
seasons, while the deep, pelagic site 4 was cooler than lake average
throughout the year (Fig. 9). The deep site 6 (Peligro Bay) showed low-
est SWT anomalies. Highermean turbiditywas associatedwith the shal-
low Panguipulli Bay (sites 1 and 2), deeper Peligro Bay (site 6) and the
southernmost Choshuenco Bay (site 5), the latter, however, presenting

strong seasonal variation. Highest range of anomalies was observed in
spring (min −0.55, max 0.61). Highest chlorophyll levels were associ-
ated with shallow Panguipulli Bay sites 1, 2 and Huenehue Bay site 7.
The lowest mean anomaly was observed in the site with the maximum
depth of the lake (site 9) (Fig. 9).

4. Discussion

4.1. Application of remote sensing techniques in Lake Panguipulli

Landsat satellites have provided improved opportunities for
obtaining larger temporal and spatial scale lake surface water tempera-
ture (LSWT) data due to their long-term continuity, thermal bands and
relatively fine spatial resolution. Infrared sensors measure skin temper-
ature, while in situ measurements below surface reach a deeper water
layer. Therefore, when validating satellite-derived data with field mea-
surements, somewhat lower SWT are often obtained for skin as com-
pared to bulk temperature (Wilson et al., 2013). This was also
observed in the present study with bias of −2.1 °C and RMSD of 2.8 °C
between satellite and field measurements. Seasonal long-term means
confirmed the approximately 2 °C difference between skin and bulk
temperature. These coincide with the standard errors or differences be-
tween Landsat SWT and in situ data reported in other studies (1–3 °C;
Wukelic et al., 1989; Kay et al., 2005; Lamaro et al., 2013; Schaeffer
et al., 2018). Due to the limited coincidence of satellite overpass with
field monitoring dates, wider than commonly used (± 3-d) match-up
window was used in the present study, which likely overestimates the
error. In fact, average error has been shown to increase as time lapse be-
tween satellite overpass and in situ measurement becomes wider
(Schaeffer et al., 2018). In a large validation of SWT from Landsat 5
and 7 for a variety of lakes and reservoirs in the United States,
Schaeffer et al. (2018) found a mean absolute error (MAE) of 1.3 °C
(bias −0.98 °C) in pixels in open water area, while closer to land
mean error increased (b180 mMAE 4.8 °C; bias 4.5 °C). This was attrib-
uted to a signal from land in mixed pixels close to the shore. In Lake
Panguipulli, pixel areas used for validation were all N300 m from the
shore thus no contribution from landwas involved. However, regarding
the satellite imagery of the whole lake area, the presence of mixed
pixels at the border of the water body mask area, and thus potential
overestimation of SWT in some areas close to the shore cannot be
ruled out. It should be pointed out, however, that in the shallow areas

Table 4
Results of one-way ANOVA for the seasonal differences in surface water temperature
(SWT), turbidity and chlorophyll a (Chl) estimated from satellite imagery in Lake
Panguipulli. The data correspond to 3 × 3 (SWT) or 10 × 10 (turbidity and Chl) pixel area
around sites 1, 4, 5, and additionally sites 2 and 3 for Chl (corresponding to Fig. 3). Landsat-
5-7-8 images of 1998–2018 (for SWT and turbidity) and Sentinel-2A-B images of
2016–2017 (for Chl) were used. Seasonal means (in parenthesis) followed by the same
letter are not significantly different (p N 0.05) within each variable according to Tukey
post-hoc test.

Source SS D.F. MS F p Comparisons of means
(Tukey test)

SWT
Intercept 23,075.5 1 23,075.5 5138.3 0.0001 Summer (17.5) c
Season 2170.4 3 723.4 161.1 0.0001 Fall (12.5) b
Error 884.7 197 4.4 Winter (7.9) a

Spring (13.7) b
Turbidity

Intercept 687.2 1 687.2 386.1 0.0001 Summer (1.9) A
Season 18.0 3 6.0 3.3 0.0196 Fall (1.8) A, B
Error 318.5 179 1.7 Winter (2.6) B

Spring (2.4) A, B
Chl

Intercept 107.1 1 107.1 272.7 0.0001 Summer (1.1) a
Season 3.9 3 1.3 3.3 0.0255 Fall (1.9) b
Error 20.8 53 0.3 Winter (1.5) a, b

Spring (1.4) a, b
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(Panguipulli and Huanehue Bay) the near-shore sites were not included
within the water mask (due to the presence of emergent vegetation)
thus the interference from land pixels should be limited. Although
near-shore areas are important in water quality monitoring as they re-
spond rapidly to changes and can serve as early warning system
(Shanafield et al., 2010), they present challenges from methodological
point of view in remote sensing. It should also be taken into consider-
ation that in situ measurements are made in a single sampling point
while satellite data represent wider area (in the present study 3 × 3
pixel array i.e. 90 × 90 m area). Several other aspects, such as time of
daily measurements, wind and climatic conditions etc., which further-
more involve unpredictable spatio-temporal dimensions, can compli-
cate the comparative analysis between field and satellite data (Wilson
et al., 2013).

Seasonal long-termmeans of turbidity predicted from satellite imag-
ery corresponded to those from in situ data. The used switching scheme
algorithm has been shown to be suitable for a wide gradient (1–1000
FNU) of turbidity in coastal and estuarinewaters, independent of partic-
ulate type or regional differences (Dogliotti et al., 2015). However, a
need to further evaluate its sensitivity at lower turbidity rangewas indi-
cated (Dogliotti et al., 2015). Therefore the very low minimum values

SUMMER
Mean
Min
Max

1.6
0.2
9.9

WINTER
Mean
Min
Max

2.4
0.6
8.0

FALL
Mean
Min
Max

1.3
0.1
9.3

SPRING
Mean
Min
Max

2.2
1.0
5.9

Fig. 6.Mean summer (January–March; n= 27 images), fall (April–June; n= 7), winter (July–September; n = 10) and spring (October–December; n = 17) turbidity of Lake Panguipulli
during a period of 1998–2018 derived from Landsat 5/7/8 satellite images (30 × 30 m resolution) with clear sky conditions. Whole lake mean, minimum andmaximum values are given.

Fig. 5.Mean monthly surface water temperatures in two selected areas (3 × 3 pixel area)
of Lake Panguipulli (Peligro Bay (site 6); Huenehue Bay (site 7); see Fig. 1) during a period
of 1998–2018 derived from Landsat 5/7/8 satellite images (30 × 30 m resolution) with
clear sky conditions. Mean ± SD (n = 7–11 for spring-summer, n = 2–4 for fall-winter).
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predicted for Lake Panguipulli in summer-fall could be expected to pres-
ent lower accuracy. Overall, the turbidity in this lake ranged 0.1–9.9 FNU
(whole lake means of 1.3–2.4 FNU) showing strong variation, which
made the observation of accurate seasonal trends less precise.

The predicted chlorophyll a concentrations from satellite imagery
with the blue/green band ratio algorithm (OC2v2) of O'Reilly et al.
(2000), originally the standard algorithm for estimations of global
ocean chlorophyll distribution by NASA, were within the range of field
observations, thus providing a reasonable accuracy. However, slight
overestimation was observed in summer-spring (i.e. during the lowest
chlorophyll periods), thus did not fully capture the seasonal variation.
Likely reasons for this are the precision of the used algorithm to distin-
guish the differences at such low chlorophyll levels and interference
from turbidity in the near-shore areas with river influence. This is in
agreement with studies carried out in North American Great Lakes,
showing that simple band ratio algorithms (two band (OC2) and four
band (OC4)) provide reasonable estimates of chlorophyll amount not
only in oceans but also in lakes, especially in their off-shore areas
where interference from other optically active components (e.g.
CDOM, particulate matter) is lower (reviewed by Lesht et al., 2012). Al-
though there was a tendency of overestimation of low and underesti-
mation of high chlorophyll concentrations, the temporal and spatial
variations were found to coincide adequately with the field measure-
ments (reviewed by Lesht et al., 2012), which was also observed in
the present study. The optical complexity of lakes (with seasonal and
spatial variation), their proximity to land, and continental atmosphere
have been identified among the challenges for the retrieval of reliable
parameters with wider applicability. Thus, validation of these

techniques accompanied by improved knowledge on the variability of
different types of fresh waters is required (reviewed by Palmer et al.,
2015; Dörnhöfer and Oppelt, 2016). Recently, Lesht et al. (2013) pro-
posed a new single band ratio algorithm (based on the same OC4
band ratios) with sensor-specific coefficients, with improved applica-
tion across lakes and seasons.

4.2. Seasonal and intra-lake variation of water properties

Although the frequency of the available Landsat imagery with suit-
able characteristics for the present study did not allow reliable evalua-
tion of long-term trends, the results reinforce the importance of
considering both the intra-lake and seasonal variation. Satellite-
derived data allowed confirming the seasonal patterns previously de-
scribed for Lake Panguipulli (Campos et al., 1981) with the lowest chlo-
rophyll a levels and highest clarity (i.e. lowest turbidity) in summer,
extending them into a whole-lake scale. Spatial and seasonal patterns
of SWT reflected the bathymetry and previously described mixing pat-
terns of this lake: warming of the shallow bays in spring extended to
wider area along with summer stratification period, while mixing of
the water column was reflected in spatially more homogenous SWT in
fall-winter. Spatial heterogeneity of the lake surface water was stron-
gest in summer clearly separating the different lake areas based on
SWT, turbidity and chlorophyll a. Higher turbidity was associated with
bay areas influenced by river input. The patterns of turbidity are in ac-
cordance with those observed by Shanafield et al. (2010) in Lake
Tahoe, overall baseline levels being very low, but rising in winter and
spring along with precipitation and increased runoff. Marked spatial

SPRING-SUMMER
Mean
Min
Max

1.1
0.4
3.0

ug/l

Fig. 7.Mean chlorophyll a concentration of Lake Panguipulli during spring-summer (November–March) 2016–2017 (n= 6 images) derived from Sentinel-2 satellite images (10 × 10 m
resolution) with clear sky conditions. Whole lake mean, minimum and maximum values are given.
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variation of water characteristics, as also reported e.g. for large humic
lakes in eastern Finland, leads to a differential trophic status classifica-
tion in different parts of a lake (Holopainen et al., 1993). Similar as in
the present study, Bouffard et al. (2018) also found seasonally different
correlations between chlorophyll a and temperature in Lake Geneva,
which were associated with the up- and downwelling zones as a result
of wind forcing.

According to a worldwide synthesis, summer surface temperatures
in lakes have increased by 0.34 °C per decade from 1985 to 2009,
being consistent with the global increase of air temperature (0.25 °C
per decade), while cooling trend has been observed in 10% of the lakes
(O'Reilly et al., 2015). However, trends were characterized by strong
heterogeneity, depending on interactions of climate and geomorphic
factors. Warming of near-surface temperatures has brought along
stronger thermal stratification and steeper thermoclines (Kraemer
et al., 2015; Richardson et al., 2017). Near-surface warming was ob-
served in 80% and deep-water cooling in 50% of the studied North
American lakes during 1975–2012 (Richardson et al., 2017). More
transparent (Secchi depth N5 m) lakes showed faster surface warming
and strengthening of thermal stratification. Thus, clear (e.g. high-
altitude) lakes could be expected to show distinct warming trends
than boreal lakes displaying contrasting water optics (e.g. Huovinen

and Goldman, 2000; Huovinen et al., 2003), which has been proposed
as a characteristic applicable as an indicator of climate change
(Williamson et al., 2014). In clear sub-alpine Lake Tahoe, long-term
warming trend (1970–2002) has been observed both at the surface
and 400 m (Coats et al., 2006). The reported deep water cooling trends
in north Patagonian lakes, including Lake Panguipulli (Pizarro et al.,
2016), are based on the rather limited (spatially and temporally) data
from the monitoring database and thus might not represent fully the
whole lake.

These reports point to a strong heterogeneity in the observed
warming and cooling trends in lakes, influenced by interactions of cli-
matic, geomorphic and local factors. Based on the results of the present
study and other recent studies, it could be argued that the observed var-
iability in the responses could be at least partly influenced by aspects re-
lated to study site and time. For example, trends in temperature based
on single sampling point may not be representative of a whole lake as
marked intra-lake heterogeneity has been reported, deep zones in
large lakes showing overall faster warming rates (summer) (Woolway
and Merchant, 2018; Woolway et al., 2016). This could be a result of
the temporal persistence of anomalies associated with earlier onset of
thermal stratification in these areas (Woolway and Merchant, 2018).
In contrast, in small lakes summer near-surface temperatures can

Fig. 8. Three-dimensional plot of the variability of satellite-derived surfacewater temperature (SWT), turbidity and chlorophyll a (Chl) of Lake Panguipulli associatedwith sites in summer
andwinter (left). Seasonalmean values of nine sites for a period of 1998–2018 for Landsat 5/7/8 satellite (SWT and turbidity) and 2016–2017 for Sentinel-2 (Chl) were used. For each site,
data from nine pixels (n = 9) from 3 × 3 pixel area were used for SWT and turbidity. For Chl, 10 × 10 pixel area was divided into nine sub-areas (n = 9 values) for the analyses. Linear
regression between the three parameters is also given (right).
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display considerable daily variation, which can overlap the range of
long-term change (Woolway et al., 2016). Many studies have focused
on summer SWT warming rates, however, recently these trends have
been shown to display seasonal variation (Winslow et al., 2017). Timing
of warming trends will have important implications on those ecological
processes that are specific to seasonal temperature signals, such as fish
spawning (Winslow et al., 2017). In all, obtaining more detailed

information on spatial and temporal patterns of temperature is funda-
mental as it is a key parameter for most biological and chemical pro-
cesses and needed for models e.g. forecasting harmful algal blooms
(HABs; Schaeffer et al., 2018) or for explaining geographical expansion
of invasive species (Adrian et al., 2009), also threatening north Patago-
nian lakes (Caputo et al., 2018). According to OECD (2016), expanding
the coverage of water quality standards and implementation of

Fig. 9. Anomalies of satellite-derived surface water temperature (SWT), turbidity and chlorophyll a (chl) in different areas of Lake Panguipulli (sites 1–9) from thewhole lakemean value.
Meanvalues of all the seasons for a periodof 1998–2018 for Landsat 5/7/8 satellite (SWT and turbidity) and 2016–2017 for Sentinel-2 (chlorophyll)wereused. For each site, data fromnine
pixels (n = 9) from 3 × 3 pixel area were used for SWT and turbidity. For chlorophyll, 10 × 10 pixel area was divided into nine sub-areas (n = 9 values) for the analyses.
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platforms forwater quality, diversity and ecological information are rec-
ommended for lakes and rivers in Chile. In order to reinforce the appli-
cation of the Secondary Environmental Quality Standards Quality
(NSCA) for water quality of Chilean lakes, adopting remote sensing
techniques, coupledwith in situ limnologicalmonitoring,would provide
improved tools for diagnosis of the lake status and thus decisionmaking
to preserve aquatic ecosystems through maintenance or improvement
of water quality.

4.3. Conclusions

Satellite-derived surface water temperature (SWT) showed good
similarity with in situ data, difference (around 2 °C) being within the
range of previous reports. Seasonal long-term means of turbidity pre-
dicted from satellite imagery corresponded to those from in situ data,
while satellite-derived predictions of chlorophyll a (with OC2v2 algo-
rithm) were somewhat less sensitive to detect seasonal variation due
to a slight overestimation of the low chlorophyll levels of summer and
spring. In near-shore areas, especially in the vicinity of river run-off, ac-
curacy of satellite-derived chlorophyll prediction is likely influenced by
turbidity.

Satellite-derived data allowed confirming the seasonal patterns of
temperature and chlorophyll a previously described for Lake
Panguipulli. SWT ranged from 8.0 °C (whole lake mean) in winter to
17.5 °C in summer, and chlorophyll a (1.1 mg L−1) levels was at its low-
est in summer. Also turbidity (1.6 FNU)was low in summer. Spatial pat-
terns reflected the bathymetry and mixing patterns of this monomictic
lake: warming of the shallow bays in spring extended to wider area
along with summer stratification period, while mixing of the water col-
umn was reflected in spatially more homogenous SWT in fall-winter.
Spatial heterogeneity was strongest in summer, clearly separating the
different lake areas based on SWT, turbidity and chlorophyll a.

In all, mapping of spatial and temporal variation with satellite imag-
ery allowed identifying lake areas with different characteristics and po-
tential susceptibility to changes, thus improving our capacity of
diagnosis of the lake status and strategies for water resource
management.
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