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Abstract  

The response of Andean high-alpine lakes (>4000 m above sea level) to atmospheric warming is 

poorly understood, in part due to a lack of long-term limnological and meteorological 

observations. Here, we use in situ observations, reanalysis data, satellite-derived data, and 

climate modeling output data paired with a one-dimensional lake energy balance model to 

investigate the response of lake thermal properties to observed and projected 21st century 

warming in the tropical high Andes of Peru. The lake model configuration is based on Lake 

Sibinacocha (13.86°S, 71.02°W, 4860 m a.s.l.), the largest high-alpine lake in the Andes and one 

of the few such lakes with temperature observations sufficient for model calibration. 

Relationships between recent air and lake temperature changes were investigated using the 

model forced with 21st-century ERA5-Land climate reanalysis data, CERES satellite-based 

observations, and future relationships were investigated using two CMIP6 future climate 
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scenarios with CESM2 (SSP2–4.5 and SSP5–8.5). Results show that Sibinacocha whole-lake 

average temperature stayed relatively consistent between 2000 and 2023 due to high interannual 

variability. Lake Sibinacocha temperatures also display interannual variability that aligns with air 

temperature variations, suggesting that broad climatic teleconnections that affect Andean air 

temperatures also influence lake temperature and stratification. Under the SSP2–4.5 and SSP5–

8.5 scenarios, the model indicates an acceleration of Lake Sibinacocha’s whole-lake warming 

rate. By 2091–2100, Lake Sibinacocha is projected to increase 2.5 °C to 5.9 °C. Lake 

Sibinacocha is projected to warm unevenly, with greater warming in the top 20 m and austral 

spring, contributing to increased weak stratification in spring. Lake Sibinacocha is anticipated to 

respond more slowly to warming simply due to its large size. Therefore, our results should be 

considered a conservative end-member for other lakes in the tropical high Andes, which, due to 

their shallower sizes, will likely respond more quickly to atmospheric warming.  
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Highlights 

- Sub-seasonal to seasonal lake thermal properties are well simulated by 1-D lake energy 

balance model. 

- High interannual temperature variability at Lake Sibinacocha overwhelms any possible 

warming signal from 2000-2023. 

- The whole-lake warming rate will accelerate mid-century under SSP2-4.5 and SSP5-8.5 

scenarios. 



- Sibinacocha is projected to warm unevenly, with greater warming expected in spring. 

- Future warming will likely drive shifts in lake ecosystems throughout the Andes. 

 

1. Introduction 

The highlands (>4000 m above sea level; a.s.l.) of the Peruvian Andes host about 70 % of the 

world’s tropical glaciers (Rabatel et al., 2013; Vuille et al., 2008). This region also provides 

freshwater to lakes and rivers supplying Andean communities as well as the Amazon basin 

(Buytaert et al., 2017; Vuille, 2014). For the last several decades, the tropical Andes have been 

warming significantly and are projected to further warm in the future (Urrutia and Vuille, 2009). 

This ongoing warming has caused glaciers and ice caps in this region to retreat substantially, 

including the world’s once-largest tropical glacier – the Quelccaya Ice Cap in southeast Peru, 

which has been projected to disappear in the 2050s under some scenarios (Yarleque et al., 2018).  

Lakes are among the world’s most important natural resources as they store accessible 

freshwater, foster a high level of biodiversity and provide key ecosystem services (Heino et al., 

2021). In general, warming can alter lake thermal structure and evaporation, which are important 

controls on lake biogeochemistry and ecology (Adrian et al., 2009; Woolway et al., 2022). Yet 

the magnitude and nature of these responses depend on regional climatic and lake characteristics 

including morphology, size, thermal properties, mixing regime, and trophic index (O’Reilly et 

al., 2015; Kraemer et al., 2015). Tropical alpine lakes share some thermal similarities to cool 

high-latitude lakes, but they are distinct in that tropical air temperatures exhibit a large diurnal 

cycle but only minimal seasonality (Labaj et al., 2018). Tropical alpine lakes also have a year-

round growing season with no winter ice cover (Michelutti et al., 2020), distinct from high-

latitude lakes. Recent ecological studies from the tropical high Andes imply that anthropogenic 



warming has already altered lake ecosystems, including shifts in diatom assemblages and whole-

lake production (Michelutti et al., 2015, 2020; Fritz et al., 2019; Benito et al., 2022). Most 

studies estimating future lake responses to climate change tend to focus on the northern 

hemisphere, the extratropics, and low elevations, thanks to both the high abundance of lakes 

situated there and the availability of lake temperature data for calibrating models (Woolway et 

al., 2021; Shatwell et al., 2019; Sahoo et al., 2013; Winslow et al., 2018; Woolway and 

Merchant, 2019; Kirillin, 2010). In the Southern Hemisphere and the global tropics, however, 

lake responses are not well-quantified, presenting a challenge to societal adaptation and 

conservation planning efforts.  

In this study, we investigate how lake thermal properties correspond to past and future trends and 

variability in local air temperature using a 1-D lake energy balance model of Lake Sibinacocha, 

Peru (-13.86°, -71.02°; 4860 m a.s.l.), the largest high-alpine lake in the Andes. Lake 

Sibinacocha is a major freshwater source for many Peruvian communities, cities, and ultimately 

for the Amazon River, and it is a critical resource for local irrigation and hydroelectricity 

(Kronenberg et al., 2016). Located in the Cordillera Vilcanota, Lake Sibinacocha experiences 

relatively cold air temperatures all year with small seasonal variations. Like other tropical alpine 

settings, this region experiences strong solar radiation during the day and an extreme diurnal 

cycle (Hardy, 2019; Romatschke et al., 2010; SENAMHI, 2024). These features make tropical, 

high-elevation lakes difficult to compare to lake energy balance modeling studies from sites in 

the lower-elevation tropics or in the mid-to high-latitudes.  

We first calibrate the energy balance model using a combination of climate reanalysis, climate 

model outputs, satellite-derived radiation data, and in situ observations. We then use the 

calibrated model to provide a baseline for early 21st century (2000 2023) lake temperature and 



thermal structure and to project future changes (2015–2100) based on two radiative forcing 

scenarios adopted by the Intergovernmental Panel on Climate Change (IPCC) (Danabasoglu, 

2019b, 2019c). Our work is the first lake energy balance modeling study to produce quantitative 

estimates of tropical Andean lake temperature under past and future warming.  

 

2. Study site  

The Cordillera Vilcanota is the second-largest glaciated range in Peru and hosts the Quelccaya 

Ice Cap, one of the world’s largest tropical ice caps and a focus of glaciological, climate, and 

meteorological study since the 1970s (Hardy, 2019; Thompson et al., 2013; Thompson et al., 

1994). The local ecosystem is classified as moist puna, a type of treeless and wet montane 

grassland found at high elevations (Baied and Wheeler, 1993). According to a weather station 

located near the southern shore of the lake, daily average December – February (DJF) and June – 

August (JJA) air temperatures of this site are 2.66 ± 0.25 °C and 1.04 ± 0.48 °C, respectively 

(January 2017 – December 2023; SENAMHI, 2024). Although seasonal temperature variation is 

small, diurnal temperature variation is extremely large, with night-to-day differences in 

temperature of up to 10.80 °C. The Cordillera Vilcanota receives most precipitation during the 

austral summer. The average DJF and JJA total precipitation are 396.6 ± 81.0 mm/season and 

18.3 ± 17.3 mm/season, respectively.  

Lake Sibinacocha is an ultra-oligotrophic (Table S1), glacial-fed lake with a length of 16 km and 

a surface area of 33 km2. According to our bathymetric surveys (Section 3.1.1; Fig. 1c), the 

estimated lake volume is 1.7 km3, with an average depth of 60.9 m and a maximum depth of 92.8 

m. A dam was constructed at the outflow at the south end of the lake in 1988 and formally 



inaugurated in June 1996 to increase the energy production of the downstream Machupicchu 

hydropower plant. This construction led to changes in the outflow seasonality (Bello et al., 

2023). Before the dam was built, high lake outflows occurred from January to March, with a 

peak outflow of 6.0 m3/s in January. In contrast, low outflows were observed from July to 

September, with a minimum outflow of 0.8 m3/s in September. However, this pattern changed 

after 2002. High lake outflows were recorded from July to November, reaching a peak outflow 

of 6.27 m3/s in September, while low outflows were seen from December to June, with a 

minimum outflow of 0.37 m3/s in March (Bello et al., 2023). Nonetheless, the dam had minimal 

effect on Sibinacocha’s lake level. Michelutti et al. (2019a) reported the presence of submerged 

archeological structures at a depth of ~3 m during the low stand in the 2017 field season. These 

structures were already submerged before the dam construction, as indicated by aerial 

photographs from 1931 (Shippee, 1991). Based on field observations in 2018, the lake level 

fluctuates about 2 m seasonally (Michelutti et al., 2019a).  

Michelutti et al. (2019b) measured lake temperature-depth profiles at the north and south ends of 

Lake Sibinacocha (~11 km apart) and reported that Lake Sibinacocha is cold (mean annual 

surface temperature < 12 .C) and, despite its depth, experiences only short-lived periods of weak 

thermal stratification, and does not freeze. The thermal profiles of the north and south ends are 

coherent, suggesting that neither glacial meltwater flux nor artificial outflow regulation creates a 

substantial horizontal temperature gradient along the length of the lake. Michelutti et al. (2019a) 

also measured several small, shallow lakes near Sibinacocha, including Yanacocha (13.75 ha, 17 

m deep max), Laguna 3 (26.95 ha, 10 m deep max), and Lado del Quelccaya (2.21 ha, 5 m deep 

max) (Fig. 1b). The annual average temperatures of these lakes vary slightly, but the seasonal 

cycle and intra-seasonal variability correspond well to that of Sibinacocha. Notably, Laguna 3 



and Yanacocha are also classified as non-glacial lakes. The similarity in the thermal structures of 

Laguna 3, Lake Yanacocha, and Lake Sibinacocha supports the idea that the influence of glacial 

melt in the northern part of the lake and the outflow regulation in the southern part of the lake 

has minimal effect on the overall thermal structure of Lake Sibinacocha. However, it is important 

to note that only one year of data (September 2016 – August 2017) is currently available for 

comparison. The Sibinacocha watershed is home to some of the world’s highest-altitude 

amphibian populations (Seimon et al., 2017), several vulnerable mammals (Doyle et al., 2003), 

and pre-Columbian archaeological features (Michelutti et al., 2019a). Thus, this study not only 

contributes to a better understanding of lake responses to climate change but also provides a 

solid ground for future ecological research at this site. Understanding the sensitivity of high 

alpine lakes to climate change is also useful for anticipating future tropical alpine lake properties 

and ecological changes, as well as informing conversations about possible adaptation strategies.  

 

3. Methods  

3.1. Input datasets  

3.1.1. Lake bathymetry  

Bathymetric surveys were performed at Lake Sibinacocha in August 2018 and May 2019 using a 

Humminbird Helix 7 CHIRP SI GPS G2N sonar device. The bathymetric data points of Lake 

Sibinacocha were interpolated using the natural neighbor interpolation method and mapped using 

ArcGIS Pro. To mark a boundary of the processed bathymetric map, we extracted a shoreline 

shapefile from Landsat 8 OLI/TIRS C1 Level-1 image (www.earthexplorer.usgs.gov) using 

ENVI software (Fig. 1c).  



3.1.2. Limnological and meteorological data  

Water temperature-depth profiles from the north and south ends of Lake Sibinacocha (Michelutti 

et al., 2019a; locations on Fig. 1b) were used to evaluate the performance of our model 

simulations. Methods are described in Michelutti et al. (2019a), but briefly: Temperature loggers 

were deployed at 0 m, 3 m, 6 m, 9 m, 12 m, 15 m, 18 m, 21 m, 24 m, and 27 m deep for the north 

end between August 21, 2017 to August 7, 2018 (351 days). For the south end, the water 

temperature data loggers were deployed at 0 m, 2.4 m, 4.9 m, 7.3 m, 9.8 m, 12.2 m, 14.6 m, 17.1 

m, 19.5 m, and 21.9 m during two consecutive field seasons – from August 30, 2016 to August 

15, 2017 (350 days) and from August 26, 2017 to August 11, 2018 (350 days). Temperatures 

were recorded every hour at each depth interval.  

Meteorological data from two weather stations near Sibinacocha were used to correct biases in 

the input datasets used in our lake model (Table 1). Local hourly meteorological data, including 

air temperature, relative humidity, and wind speed, were obtained from an automated weather 

station located on the southern shore of the lake (4880 m a.s.l.) operated by Peru’s national 

meteorological service (Servicio Nacional de Meteorología e Hidrología del Perú; SENAMHI). 

The period of available data coverage is March 2016 – December 2023, with a gap between May 

and July 2019.  

3.1.3. Climate reanalysis data  

We used the European Centre for Medium-Range Weather Forecast’s (ECMWF) ERA5-Land 

hourly data from March 2000 to December 2023 (Muñoz Sabater, 2019) as model inputs in order 

to simulate past lake temperatures. We selected this dataset because the Cordillera Vilcanota 

exhibits a strong diurnal cycle, and the ERA5-Land hourly dataset contains diurnal cycle 



information. Also, the ERA5-Land dataset was produced at enhanced spatial resolution (9 km vs 

31 km in ERA5), making it more accurate than the ERA5 for land applications.  

Five ERA5-Land variables including 2-m temperature (T2M), 2-m dew point temperature 

(D2M), surface pressure (SP), 10-m u-component of wind (U), and 10-m v-component of wind 

(V) were extracted from the ERA5-Land dataset at the grid point of -13.8° and -71.1°. The 

magnitude of the wind (i.e., wind speed) was calculated by taking the square root of the sum of 

the square of U and V. Relative humidity (RH) was calculated based on ERA5-Land’s D2M and 

T2M following Lawrence (2005). Quantile-mapping algorithms were applied to correct biases of 

the ERA5-Land T2M, derived wind speed, and RH compared to respective observations, 

following previous studies with this lake energy balance model (Morrill et al., 2019).  

3.1.4. Radiation data  

The Clouds and the Earth’s Radiant Energy System (CERES) Synoptic 1 degree Adjusted All-

sky Profile Fluxes Surface Shortwave Flux Down and Longwave Flux Down from 

Terra+Aqua/NOAA20 Edition 4.1 between March 2000 and December 2023 at the grid point of 

-13.5° and -71.5° were used as the model’s surface solar radiation downwards (SSRD) and 

surface thermal radiation downwards (STRD) inputs (Rutan et al., 2015). We chose this dataset 

because it is able to reproduce the diurnal and seasonal cycles of lake temperature, which are 

strongly affected by the amount of cloud cover and the relative proportion of shortwave to 

longwave radiation. According to this dataset, the mean annual surface shortwave radiation 

downwards and surface longwave radiation downwards are 205.44 ± 4.33 W/m2 and 310.84 ± 

2.77 W/m2.  



Although there are radiation observations from a nearby weather station (the Quelccaya Ice Cap; 

~20 km from Sibinacocha horizontally; 5680 m a.s.l.; 2010–2012) and the ERA5-Land’s SSRD 

and STRD (1981–2023), lake simulations generated using these datasets as model inputs and as a 

bias correction dataset show a persistent temperature lag relative to observations across all 

tunable parameters and published 1-D lake energy balance models (Supplementary information). 

The lag appears to arise from unrealistically low cloud amounts in these two datasets, which 

result in too much shortwave and too little longwave radiation as input to the lake model. 

Shortwave radiation penetrates deeper into the lake than longwave radiation, leading to greater 

heat storage at depth and a temperature lag in the model compared to lake temperature 

observations. Thus, neither the Quelccaya Ice Cap observed radiations nor the ERA5-Land 

radiations are appropriate for our lake energy balance modeling study.  

3.1.5. Climate model experiments  

To simulate future lake temperature (2015–2100) at Lake Sibinacocha, climatic data inputs were 

obtained from Community Earth System Model v2 experiments under shared two socioeconomic 

pathways (SSP) from the Coupled Model Intercomparison Project 6 (CMIP6). Specifically, 

SSP2–4.5 (“Middle of the road” scenario) and SSP5–8.5 (“Fossil fuel development” scenario) 

were selected to represent future medium and extreme human-induced climate change scenarios 

(Danabasoglu, 2019b; Danabasoglu, 2019c). The historical experiment (1850–2014) was used as 

a reference for our study (Danabasoglu, 2019a). Three ensemble members (r4i1p1f1, r10i1p1f1, 

and r11i1p1f1) were used for each experiment. Daily variables were extracted from these three 

experiments (except surface pressure which was only available at a monthly timestep). The delta 

method was applied to the CMIP6 outputs to bias correct relative to the quantile-mapped ERA5 

Land dataset and downscale the CMIP6 outputs to hourly timestep for the lake energy balance 



model. To do so, the quantile-mapped ERA5Land and CERES radiation data were averaged 

across years to get an hourly climatological record for each variable between 2000 and 2014. The 

CMIP6 historical dataset was averaged across years to get a daily climatological record between 

2000 and 2014. The scaling factors or “delta” was calculated by subtracting (dividing) each 

future projection from the historical climatology for T2M (RH, Wind, SSRD, STRD, and SP). 

Then these scaling factors were applied to the quantile-mapped ERA5 Land hourly averaged 

climatology record to get the inputs for the lake energy balance model following Morrill et al. 

(2019) and Dee et al. (2021). Due to the nature of downscaling, this correction method assumes 

that all hours of the diurnal cycle will change equally in the future.  

 

3.2. Lake energy balance model  

3.2.1. Model description  

We calculated modeled lake temperatures and lake evaporation using the one-dimensional (1-D) 

lake energy-balance model of Hostetler and Bartlein (1990) as modified by Morrill et al. (2019). 

This model is governed by physically-based equations for energy transfer between the lake 

surface and overlying atmosphere, penetration and absorption of solar radiation at depth in the 

lake, and vertical redistribution of heat within the lake through mixing. The components of the 

lake surface energy balance are downwelling absorbed shortwave and longwave radiation, 

longwave radiation emitted by the lake surface, sensible and latent heat fluxes, and the vertical 

transfer of heat to/from deeper levels of the lake. Heat is transferred vertically in the lake via a 

parameterization for eddy diffusion and via density-driven mixing (convective overturn). The 



lake temperature output is a result of the net change in the amount of heat stored in the lake per 

unit area and unit time.  

Model inputs include climatic data and site-specific geographic and lake morphometric 

parameters. Climatic inputs were extracted from ERA5-Land’s SP, quantile-mapped T2M, 

derived RH, and derived wind speed, and CERES’s SSRD, and STRD at hourly frequency. We 

specified nine site-specific geographical and lake morphometric parameters in the lake energy 

balance model: latitude, longitude, local time relative to Greenwich Mean Time, the area of 

catchment and lake, maximum number of lake layers, lake area by depth from top to bottom, 

neutral drag coefficient (CDRN), shortwave extinction coefficient (ETA), and multiplication 

factor of eddy diffusivity for deep lakes (MIXFACT). Area of the catchment was determined by 

manual delineation of the drainage network based on ASTER Global Digital Elevation Model 

V003 (www. earthexplorer.usgs.gov) using ENVI. Lake area was highlighted using the band 

combination technique on Landsat 8 and then calculated using Region of Interest tool from 

ENVI. Our study does not account for lake water balance (e.g., glacial meltwater inflows and 

lake water outflows) as streamflow and temperature measurements of the meltwater streams and 

long-term local precipitation observations are unavailable at this site.  

ETA has an inverse relationship with water clarity which can be estimated in the field using a 

Secchi disk (Kalff, 2002). CDRN is a parameter used in the bulk aerodynamic formulation of 

latent and sensible heat transfer, and depends on wave properties (e.g., wave age and height) that 

generally relate to lake-specific properties such as fetch (e.g., Gao et al., 2012; Subin et al., 

2012). The turbulent mixing scheme is from Henderson-Sellers (1985), which parameterizes 

wind-driven mixing. Previously, researchers have noted that the Hostetler lake model tends to 

underpredict turbulent mixing in deep lakes, leading to insufficient heat loss in winter and 



excessively fast warm-up in spring (Martynov et al., 2010; Subin et al., 2012). To adjust for this 

bias, these researchers have relied on either (1) increasing the eddy diffusivity values by factor 

1–1000 (Martynov et al., 2010; Gu et al., 2015), or (2) adding an enhanced diffusivity values 

term to account for other sources of turbulence such as horizontal currents and advection (Subin 

et al., 2012; Wang et al., 2019). Thus, we set MIXFACT as a tunable parameter to observe the 

effect of eddy diffusivity on lake thermal properties.  

The model time step was set to 30 min to adequately resolve diurnal variations in lake 

temperature. Hourly data were linearly interpolated to obtain input values at a 30-min time step. 

The lake temperature outputs were calculated and averaged to daily values. Yearly DJF, MAM, 

JJA, and SON temperatures were determined by averaging the daily lake temperature values 

during those months. The whole-lake temperature is weighted based on lake area per lake depth. 

For future projections, lake thermal profiles generated by the lake energy balance model were 

further averaged every decade to remove short-term variability in the lake temperatures.  

3.2.2. Model calibration and validation 

To calibrate the lake energy balance model, an 800-member ensemble of simulations was 

generated across 100 possible combinations of CDRN (5 × 10-4 – 3 × 10-3) and ETA values 

(0.01–0.50 m-1) via hypercube sampling method with MIXFACT of 1, 5, 10, 50, 100, 250, 500, 

and 1000. Modeled lake temperatures were evaluated using observed daily average lake 

temperatures where available. The lake temperature observation from the north end is available 

between August 21, 2017 to August 7, 2018, while the observation from the south end is 

available from August 30, 2016 to August 15, 2017 and from August 26, 2017 to August 11, 

2018. The optimal combination of model parameters was chosen based on the root mean square 

error between simulations and observations (RMSE):  



RMSE =  �
∑(𝑦𝑦𝑖𝑖,𝑜𝑜𝑜𝑜𝑜𝑜−𝑦𝑦𝑖𝑖,𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝)2

𝑛𝑛
 

where yi,obs is the ith lake temperature observation, yi.pred is the ith modeled lake temperature values, 

ȳobs is the mean of lake temperature observation, the ȳpred is the mean of modeled lake temperatures, 

and n is total data points. The RMSE varies from the optimal value of 0.  

The global optimal simulated temperature is derived from the choice of the parameters that 

produced the lowest RMSE in both south-end and north-end observations. Due to the limitation 

of the instrumental lake temperature dataset,themodel wasnotvalidatedbased ondatanotused in 

the calibration. We also calculated Prediction bias (Bias; unit °C) to measure how far apart the 

averages of observed vs. modeled outcomes are:  

Bias =
∑(𝑦𝑦𝑖𝑖,𝑜𝑜𝑜𝑜𝑜𝑜−𝑦𝑦𝑖𝑖,𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝)

𝑛𝑛
  

The closer to 0 °C Bias is, the better model performance is. We calculated temperature 

differences between the model and observation for every depth and time. Then, all difference 

values were averaged to get the Bias index.  

 

4. Results  

4.1. Bias correction of the ERA5-Land climate variables  

A comparison of the original ERA5-Land climate variables, quantile-mapped ERA5-Land 

values, and meteorological observations during the overlapping period (2016–2023) is shown in 

Fig. 2e–h. Overall, seasonal and diurnal patterns of the ERA5-Land variables correspond well 

with the observed variables, except for surface pressure, for which absolute values differ slightly. 



The ERA5-Land T2M reveals a cold bias, particularly during afternoon and night (Fig. 2e). The 

monthly-averaged ERA5 wind speed is substantially weaker and less variable than observations 

(Fig. 2g). ERA5-Land relative humidity displays a wet bias, particularly during the austral winter 

with JJA average temperature 14.70 ± 9.03 % warmer than observed. Quantile mapping 

substantially improved the biases in reanalysis inputs (Fig. 2e-h) so the quantile-mapped versions 

were used as inputs for the energy balance model. Note that radiation observations for 

Sibinacocha are not available but sensitivity tests found better performance using CERES inputs 

(Figs. S2S10) than using inputs from the nearest station data, which is 860 m higher in elevation 

and situated on an ice cap (Supplementary Information).  

4.2. Lake energy balance model calibration  

The 800-member calibration test showed that the choice of values for the shortwave extinction 

coefficient (ETA), neutral drag coefficient (CDRN), and the multiplication factor of eddy 

diffusivity (MIXFACT) parameters can greatly affect the absolute values and thermal structure 

of the lake temperature outputs. Different combinations of ETA and CDRN resulted in shifts in 

the absolute modeled lake temperatures, although the seasonal cycle imprinted on the lake 

surface temperature (LST) was unaffected. If other variables remain unchanged, the modeled 

whole-lake temperature generally becomes lower throughout the lake when the ETA decreases 

and/or the CDRN increases. The output temperature becomes less stratified when CDRN 

increases and vice versa. The seasonal cycle in lake surface temperature is unaffected by the 

ETA and CDRN, but the magnitude of sub-seasonal variability slightly increases when the ETA 

is higher. In general, higher ETA and/or lower CDRN lead to a warmer surface and more 

stratified lake. However, lake stratification and seasonal cycle timing are greatly affected by 



varying MIXFACT (Figs. 3a–b and S13). Higher MIXFACT results in more lake mixing, 

delaying lake warming during austral spring, and weaker and deeper thermocline.  

Based on this calibration test, the combination of CDRN = 1.92 × 10-3, ETA = 0.165 m-1, 

MIXFACT = 50 yielded the global optimal temperature result (Fig. 3c). The lake energy balance 

model simulation using this optimal parameter choice yielded a depth-averaged RMSE and Bias 

for the south (north) end of the lake of 0.456 (0.465) and 0.135 (0.008), respectively (Table 2).  

4.3. Lake energy balance model validation  

The annual average of the simulated LST using the hourly quantile-mapped ERA5-Land inputs 

is 9.41 ± 1.10 °C between August 30, 2016 – August11, 2018. This value is almost identical to 

the annual average of observed LSTs from both the south end (9.61 ± 1.15 °C; p > 0.1) and north 

end (9.49 ± 1.10 °C; August 21, 2017 – August 8, 2018; p > 0.1) (Fig. 3). However, modeled 

lake temperatures are significantly cooler (p < 0.05) than the lowermost south-end in situ lake 

temperature observations, taken from 21.9 m water depth (9.19 ± 0.88 °C), and from the 

lowermost north-end in situ lake temperature at 27 m depth (8.85 ± 0.83 °C; August 21, 2017 – 

August 8, 2018). No lake temperature observations are available below 27 m water depth, but 

our lake model suggests that the average lake temperatures at 60 m and 92 m deep between 

August 30, 2016 and August 11, 2018 were 7.75 ± 0.33 °C and 7.56 ± 0.22 °C, respectively (Fig. 

4). Since lake temperature observations are unavailable beyond 27 m depth, the model’s cold 

bias at greater depth could potentially skew whole-lake temperature estimates, particularly if 

temperature changes at the surface and greater depths occur at different rates. However, this 

effect is likely minimal because whole-lake temperature is calculated as a weighted average. 

Given that deeper depths have smaller surface areas, the whole-lake temperature is 

predominantly influenced by temperatures from top depths where lake temperature observations 



are available. Seasonality and thermal structure in the lake temperature simulation are generally 

consistent with real-world observations, with peak warming around December to April and lake 

cooling rapid cooling after June. As in the observations, the simulated lake does not seasonally 

freeze. The modeled lake is well-mixed during austral winter and early spring (June–September) 

but stratifies in austral summer and fall. Although we do not have a complete observation of 

Sibinacocha’s thermal structure, the top 27 m temperature-depth profile of the modeled lake 

particularly resembles the profile of the north-end temperature as both data show a weak 

stratification during austral spring (Fig. 4a and e).  

4.4. Early 21st century lake temperature and evaporation characteristics 

Compared to the observed surface air temperature at the Sibinacocha weather station, modeled 

lake temperature is significantly warmer and fluctuates less sub-seasonally (Fig. 5a–c). Based on 

the timing of the seasonal cycles, the modeled LST cools and warms around the same time as the 

surface air temperature. The modeled daily LST (Fig. 5a) indicates a weak cooling trend between 

2000 and 2023 at a rate of 0.09 °C/decade (p < 0.01) despite a warming trend in the 2-m air 

temperature (0.20 °C/decade) and observed air temperatures at the Quelccaya Ice Cap (~10 km 

east, 860 m higher at 5680 m a.s.l.; 0.56 °C/decade between 2004 and 2017; Hardy, 2019), 

Cusco (~100 km northwest, 1460 m lower at 3400 m a.s.l. 0.74 °C/decade; 2000–2023; NOAA, 

2024a), and La Paz (400 km south, 1220 m lower at 3640 m a.s.l.; 0.39 °C/ decade; 2000–2023; 

NOAA, 2024b). However, the whole-lake temperature suggests no trend between 2000 and 2023 

(Fig. 5b). Lake evaporation is highest in June and lowest in October. The model suggests a weak 

increase in lake evaporation rate of 0.080 mm/day/decade (2000–2023).  

 



4.5. Late-21st century projections of lake temperature and evaporation 

Under the SSP2–4.5 and SSP5–8.5 scenarios, long-term air temperature warming rates in the 

Cordillera Vilcanota are projected to be 0.38 °C/decade and 0.72 °C/decade, respectively (2015–

2100) (Fig.6b). These rates are significantly steeper than the early 21st century rate (0.27 

°C/decade; 2000–2014). By 2091–2100, annual air temperature anomalies at this site relative to a 

2000–2014 reference period (1.98 ± 0.31 °C) are projected to reach 5.2 °C under the SSP2–4.5 

scenario (95 % CI [5.1, 5.3]) and 8.3 °C under the SSP5–8.5 scenario (95 % CI [8.1, 8.3]).  

Modeled Sibinacocha lake temperatures increase substantially between 2000 and 2100 under the 

SSP2–4.5 and SSP5–8.5 scenarios (Fig. 6a and c). The rates of LST ensemble mean under the 

SSP2–4.5 and SSP5–8.5 scenarios are similar to the air temperature rates (0.38 and 0.73 

°C/decade between 2015 and 2100, respectively; Fig. 6c). The whole-lake temperature ensemble 

mean under the SSP2–4.5 (SSP5–8.5) scenario is projected to warm at 0.36 (0.71) °C/decade 

between 2015 and 2100. By 2091–2100, the yearly averaged whole lake temperatures are 

projected to increase 2.5–3.0 °C (temperature mean: 11.4 ± 0.1 °C) under the SSP2–4.5 scenario 

and 5.0–5.9 °C (temperature mean: 14.1 ± 0.3 °C) under the SSP5–8.5 scenario, relative to a 

2000–2014 period. Also, the lake is projected to warm unevenly, with a greater increase 

expected within the top 20 m and austral winter and early spring (Fig. 7). By 2090s, the lake is 

projected to exhibit weak stratification during austral spring, a period when it was previously 

well-mixed.  

The lake evaporation rates between 2000 and 2014 show high interannual fluctuation with a 

short-term trend of 0.001 mm/day/year (Fig. 6d). The lake evaporation rate ensemble mean under 

the SSP2–4.5 (SSP5–8.5) scenario shows a positive trend of 0.005 (0.013) mm/day/ year. By 

2090s, the average lake evaporation rate is projected to increase by 0.38–0.45 mm/day under the 



SSP2–4.5 scenario and 0.87–1.06 mm/ day under the SSP5–8.5 scenario, relative to their 

respective 2000–2014 average.  

 

5. Discussion  

5.1. Performance of the energy balance model for Lake Sibinacocha  

Our selected combination of ETA, CDRN, and MIXFACT captures absolute values, seasonal 

ranges, seasonal timing and sub-seasonal variability in lake temperatures that are similar to 

observations. The values of ETA and CDRN themselves are reasonable choices considering 

Lake Sibinacocha’s trophic state index and water transparency (visually observed during many 

field seasons, e.g., Michelutti et al., 2020) for ETA and observed wind speed and direction 

relative to Lake Sibinacocha’s geographical orientation for CDRN. Our result suggests that the 

modeled lake becomes less stratified when CDRN increases, potentially due to increased lake 

evaporation-linked heat loss and increased convective mixing. That said, in the real world, ETA 

and CDRN are not static but rather can vary spatiotemporally. Such variations are not captured 

by our model and could potentially explain deviations in modeled and observed lake 

temperatures at sub-seasonal timescale. However, our results enable us to assess in-lake and 

meteorological drivers of the lake thermal structure of Lake Sibinacocha beyond the two-year 

observed period, and to use the model to contextualize future changes.  

The lake energy balance model accurately captures the temperature seasonality, timing, 

magnitude differences, and stratification characteristics. That said, the simulated south-end lake 

temperature is significantly warmer than observed between March and June 2017 (Figs. 3c and 

4e). Simulated temperatures are much closer to observations for the south-end in 2018, and very 



similar to the north-end during that time. Possible explanations include improper specification of 

lake-specific model parameters and features not simulated by a 1-D model. Our model validation 

is limited by the depth of available observations from Sibinacocha, which are only available to 

27 m water depth. Our bathymetric survey shows the lake is 60.9 m deep on average and 92.8 m 

deep at maximum. The energy balance model was by necessity validated against the upper 27 m, 

but it is possible that observations from deeper depths would have yielded different optimal 

ETA, CDRN, and MIXFACT parameter choices, for example if the real-world lake in fact 

strongly stratifies below 30 m or exhibits spatial variability in stratification due to the presence 

of glacial meltwater inputs at the north end. That said, the disparity between simulated and 

observed temperatures varies across seasons and years, so we suggest that uncertainties in south-

end temperature variations may also play a role.  

Another possible shortcoming of the 1-D lake model for modeling a large and deep lake such as 

Sibinacocha is the lack of horizontal mass and energy transport. Observed temperature profiles 

differ slightly between the lake’s north and south ends: the north end exhibits weak stratification 

during the austral spring, while this feature is absent in the south end (Fig. 4a and c). This 

indicates that horizontal transport may play a role in lake thermal properties. Notably, the 

simulated lake temperature aligns better with the north end, which is deeper, whereas the south 

end’s profile resembles those of several shallower lakes in the region (Michelutti et al., 2019a; 

see location in Fig. 1). Thus, inadequately accounting for horizontal energy transport may 

contribute to the warmer spring temperatures in the simulation.  

Implementing a lake water balance model for Lake Sibinacocha may improve the lake 

temperature simulation as the lake receives glacial meltwater and is controlled by a dam. 

However, under the current outflow regulation, the dam is unlikely to affect the lake’s overall 



temperature substantially. The outflow rates are relatively low, peaking in September at 6.27 

m3/s and dropping to 0.37 m3/s in March (2002–2016; Bello et al., 2023), especially compared to 

the lake’s total volume of 1.7 km3. Assuming the lake level has been stable over the long period 

(i.e., balanced inflows and outflows) and the dam is the only outflow source, the estimated 

residence time of the lake water ranges from 8.5 to 145.6 years based on these flow rates. This 

relatively long residence time suggests that inflows and outflows have limited influence on the 

lake’s overall temperature dynamics. Additionally, it is worth noting that the pre-dammed 

outflow rates are similar to those observed after the dam was constructed, ranging from 0.8 to 6.0 

m3/s before 1988 (Bello et al., 2023). While changing the seasonality of the outflows may affect 

lake temperatures, any impact is likely to be localized (i.e., near the dam) since the outflow rates 

are minimal, compared to the lake volume, and the estimated residence time is long.  

However, glaciers in the Cordillera Vilcanota are projected to continue retreating, with the 

acceleration expected in response to anthropogenic warming (Yarleque et al., 2018; Montoya-

Jara et al., 2024). Accelerating glacial melting will undoubtedly result in higher glacial meltwater 

inflows into the lake, potentially dampening the effect of lake warming caused by increasing 

radiative forcings. Although no specific studies have been conducted on the glacier connected to 

the northern part of Sibinacocha, the nearby Suyuparina glacier and the Quelccaya Ice Cap are 

projected to disappear in 2081 and 2070s, respectively (Montoya-Jara et al., 2024; Yarleque et 

al., 2018). If the northern glacier disappears, the resulting loss of a major inflow could 

substantially change the lake’s water balance, leading to decreased lake levels and potentially 

impacting its thermal structure. Further work should investigate how changes in water and 

glacier balances will affect Lake Sibinacocha’s temperature dynamics.  

 



Despite these caveats and the limitations inherent to a 1-D energy balance model, the model still 

adequately captures the observed timing, duration, and amplitude of the seasonal cycle; the 

absolute values of lake temperature; the annual average surface temperatures; and the depth of 

convective mixing (Fig. 3). Therefore, it is reasonable to use the model to examine long-term 

(annual to decadal) changes in lake thermal properties over time. Given the lack of lake 

modeling work for South America and for the tropics more generally, the lake temperature 

simulation is still a useful first step in contextualizing ongoing changes in high alpine lacustrine 

systems. We next use the model to evaluate long-term changes in lake thermal properties over 

the 21st centuries (Section 5.2).  

5.2. Modeled impacts of anthropogenic warming on lake thermal structure  

Given the rapid warming of air temperatures in the high Andes (Fig. 5c), one might expect 

Andean lakes to also warm rapidly. However, Lake Sibinacocha LST and whole-lake 

temperature exhibit no significant trend between 2000 and 2023. Note that the simulated lake 

temperature is independent of temperature change due to potential meltwater input, as the model 

does not incorporate the glacial input. Lake elevation alone is unlikely to explain the lack of 

significant early 21st century warming; in fact, a global survey of lake temperatures (O’Reilly et 

al., 2015) found no relationship between LST warming rates and lake altitude or morphometry 

(lake mean depth, lake surface area, and lake volume). We suggest that the large amplitude of 

interannual variability at Sibinacocha masks any trend in LST or whole-lake temperature until 

the warming signal becomes more substantial in the mid-21st century.  

In contrast to no warming during the observational period, warming throughout the water column 

at Sibinacocha is projected to accelerate during the 21st century as Andean air temperature 

warming accelerates (Fig. 7). By the end of the 21st century, Lake Sibinacocha whole-lake 



temperature is projected to increase between 2.5 °C – 5.9 °C relative to the 2000–2014 mean. 

These warming rates under the SSP2–4.5 and SSP5–8.5 scenarios are comparable to or even 

higher than the projected warming rates in many lakes from Europe (Shatwell et al., 2019; 

Czernecki and Ptak, 2018; Fuso et al., 2021; Lepori and Roberts, 2015), USA (Matsumoto et al., 

2019); and worldwide (Woolway and Merchant, 2019; Jansen et al., 2022; Grant et al., 2021). 

These results imply that, although Lake Sibinacocha’s response to climate change has heretofore 

been muted, as atmospheric warming continues due to increased radiative forcing, Sibinacocha’s 

response will become more similar to other lakes worldwide. Notably, the projected lake 

temperature increases under both scenarios exceed the range of early 21st century interannual 

variability.  

Increased lake surface temperature due to increased air temperatures and downward longwave 

radiation will enhance the rate of lake evaporation due to more radiation energy available for 

evaporation (Woolway et al., 2020; Wang et al., 2018). The lake evaporation rate at Lake 

Sibinacocha is projected to increase significantly compared to the early 21st century rate. 

Increased lake evaporation could potentially lead to an increase in local cloud cover (Zhan et al., 

2019) which could enhance longwave radiation to the lake beyond what the future scenarios 

project. However, lake warming also promotes more lake evaporative cooling, which could 

potentially weaken the relationship between rising air temperatures and lake temperatures (Wang 

et al., 2018; Tong et al., 2023).  

Anthropogenic warming is one of the biggest threats to water resources in the tropical high 

Andes. Peru especially has already experienced rapid ice mass loss from glaciers and ice caps 

(Chevallier et al., 2011; Hanshaw and Bookhagen, 2014; Salzmann et al., 2013), shifting of high-

altitude fauna (Seimon et al., 2017) and flora (Jameson and Ramsay, 2007), as well as changes in 



wetland system dynamics (King et al., 2021). Human-induced warming will also likely amplify 

the stressors on lake ecosystems. Although the mixing regime at Lake Sibinacocha is projected 

to remain relatively similar to today, future warming will likely drive shifts in algal communities, 

which are sensitive to thermal structure regime and lake-level changes (Fritz et al., 2019; 

Michelutti et al., 2020; Rühland et al., 2015). With continued temperature increases, an overall 

loss in overall aquatic biodiversity may occur as some species may not be able to adjust to rapid 

warming. Cold-water fish species such as trout (habitat temperature of 7–18 °C) are particularly 

vulnerable to warming temperatures, and at Sibinacocha, non-native trout are an important food 

source for local communities. Lake warming and other limnological changes may reduce the 

amount of dissolved oxygen in water, which is unfavorable for trout populations. As warming 

continues in the Andes, suitable habitat for these cold-water fish is expected to decline. This may 

lead to the elimination of some populations of these fish, with consequences for the ecosystem 

and the food security of Andean communities.  

 

6. Conclusions  

Despite its high altitude and cold temperatures, our model suggests that Lake Sibinacocha has 

yet to see a significant increase in surface or whole-lake temperatures, likely due to large 

interannual variability. However, future anthropogenic warming under both moderate and high 

radiative forcing scenarios will likely drive Lake Sibinacocha to warm significantly. Lake 

evaporation will likely increase due to increased energy inputs. Although Lake Sibinacocha is an 

atypical lake in the tropical Andean highlands due to its exceptional length and depth, our lake 

modeling results can still serve as a baseline of climate change response for other lakes in the 

tropical highlands. Large lakes are generally less susceptible to lake temperature change because 



they have a larger heat storage capacity than smaller lakes (Rouse et al., 2005). If Lake 

Sibinacocha indicates a major change in lake temperature and/or a thermal stratification regime, 

other smaller and shallower lake temperatures in the region are likely at even greater risk of 

change. Such drastic projected changes within less than a century will almost certainly modify 

local ecosystems and should be directly considered in climate change adaptation efforts.  
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Figures 

 

Fig. 1. Study site and bathymetric map of Lake Sibinacocha. (a) Map of Peru denoting the 

Cordillera Vilcanota (black square; Detail in (b)). (b) The Cordillera Vilcanota with names of 

lakes and locations of lake temperature and weather station observations discussed in the text. (c) 



Bathymetric map of Lake Sibinacocha based on natural neighbor interpolation of sonar data 

collected in August 2019 and May 2019. Shading depicts lake depth ranging from 0 m to 92.75 

m. Purple contour lines within the lake are 10 m-contour lines calculated from lake bathymetry. 

Gray contour lines on land are 50 m-contour lines based on ASTER Global Digital Elevation 

Model V003 (NASA/METI/AIST/Japan Spacesystems and U.S./Japan ASTER Science Team, 

2019). Yellow circles represent the locations of lake temperature logger data described in 

Michelutti et al. (2019a).  

 



 

Fig. 2. Hourly and monthly climatologies of raw and quantile-mapped lake model input 

variables. (a) CERES surface shortwave radiation downwards hourly averages (SSRD; W/m2). 

(b) CERES SSRD monthly averages (W/m2). (c) CERES surface thermal radiation downwards 

hourly averages (STRD; W/m2). (d) CERES STRD monthly averages. The red lines and 

shadings in (a) – (d) are averages between March 2000 and December 2023 and their respective 

standard deviations. (e) 2-m air temperature (T2M) hourly averages. (f) T2M monthly averages. 

(g) wind speed monthly averages, and (h) relatively humidity monthly averages. The pink lines 



and pink shadings in (e) – (h) are averages and corresponding standard deviations from the raw 

ERA5-Land dataset (March 2016 – December 2023), while the black lines with gray shadings 

are the quantile-mapped ERA5-Land variables and their standard deviations. The blue lines with 

blue error bars are the mean and standard deviation of the observations from the Sibinacocha 

weather station.  

 

 

Fig. 3. Observed and modeled daily lake temperatures at Lake Sibinacocha. (a) Observed lake 

surface temperature (south end; black) and 800-member ensemble of simulated lake surface 

temperatures with varying parameter choices (blue). (b) As in a, but for temperatures at 22 m 

water depth. (c) Simulated lake surface temperature using optimal parameter choices (blue) vs. 



observed daily lake surface temperatures at Sibinacocha’s south end (black) and north end (red). 

The shadings in the daily mean observations show their respective standard deviations.  

 

 



Fig. 4. Observed and modeled lake temperature absolute values and anomalies vs. depth and 

time. (a) Observed Sibinacocha lake temperature from the north-end station. (b) Temperature 

anomaly of (a) relative to the mean lake surface temperature. (c) Observed Sibinacocha lake 

temperature from the south-end station. (d) Temperature anomaly of (c) relative to the mean lake 

surface temperature. (e) Simulated Sibinacocha lake temperature from 0 to 27 m deep. (f) 

Temperature anomaly of (e). (g) Simulated Sibinacocha lake temperature from 0 to 60 m deep 

(i.e., lake mean depth). (h) Temperature anomaly of (g). Anomaly plots (b), (d), (f), and (h) are 

relative to the mean lake surface temperature of the south-end lake temperature observations. 

Horizon black lines in (g) and (h) denote 27 m, i.e., the maximum depth of observations and of 

the values plotted in (a), (b), (e), (f). X-axes are months from September 2016 to August 2018. 

White color highlights region and time with no data.  



 

Fig. 5. Whole-lake and surface lake temperatures and air temperatures between 2000 and 2023. 

(a) Modeled lake surface temperature of Lake Sibinacocha. (b) Modeled whole-lake temperature. 

(c) 2-m air temperature from quantile-mapped ERA5-Land. The thick lines indicate a running 

mean of 2 years, while the dashed lines show long-term trends in lake and air temperatures.  



 

Fig. 6. lake temperature, air temperature, and lake evaporation projections to 2100 CE. (a) 

Annual mean whole-lake temperatures. (b) Annual mean 2-m air temperatures. (c) Annual mean 

lake surface temperatures. (d) Annual mean daily evaporation rates. The black lines represent 



modeled results based on quantile-mapped ERA5-Land and CERES inputs. Thick blue and pink 

lines are the modeled results based on CMIP6 CESM ensemble means under the SSP2–4.5 (blue) 

and SSP5–8.5 (pink) scenarios. The thin lines are mean projections from individual ensemble 

members.   

 

 



Fig. 7. Projected lake temperatures under SSP2–4.5 and SSP5–8.5 scenarios and lake 

temperature differences between 2015 and 2024 and 2091–2100. The left (right) column is the 

outputs produced by the CMIP6 CESM2 SSP2–4.5 (SSP5–8.5) scenario. The top and middle 

rows are daily-averaged modeled lake temperatures between 2015 and 2014 and 2091–2100. The 

x-axes are months from January to December and the y-axes show lake depths in m. Colors 

indicate lake temperature ranging from dark blue (7 °C) to white (16 °C). The bottom row shows 

modeled lake temperature differences between 2015 and 2024 and 2091–2100. Color indicates 

lake temperature differences at each specific depth and day of the year. 

 

  



Tables 

Table 1: Limnological and meteorological hourly observations and quantile-mapped reanalysis inputs 

Dataset Location Time span Annual average DJF 
(Austral summer) 

JJA 
(Austral winter) Reference 

Lake Sibinacocha (4,860 m a.s.l.) 
- Lake temperature  

(North site; 0 – 27 m deep) 
 
 

 
-13.86, -71.02 

 
351 days 

(08/21/2017- 
08/07/2018) 

 
9.49 ± 1.10°C (LST) 

8.85 ± 0.83°C (27 m) 
 

 
10.29 ± 0.46°C (LST) 
9.44 ± 0.22°C (27 m) 

 
7.88 ± 0.68°C (LST) 

7.67 ± 0.60°C (27 m) 

 
Michelutti et 

al. (2019) 

- Lake temperature  
(South site; 0 – 21.9 m deep) 

,, 700 days 
(08/30/2016 - 
08/17/2017, 

08/26/2017 – 
08/11/2018) 

9.58 ± 1.04°C (LST) 
9.17 ± 0.89°C (21.9 m) 

 

10.38 ± 0.52°C (LST) 
9.96 ± 0.23°C (21.9 m) 

8.15 ± 0.61°C (LST) 
7.88 ± 0.54°C (21.9 m) 

,, 

Sibinacocha weather station (4,880 a.s.l.) 
- Air temperature 

- Relative humidity 

 
-13.92, -71.01 
 

,, 

 
2453 days 

(12/1/2016 – 
04/21/2019, 
08/3/2019 – 
12/31/2023) 

,, 

 
2.19 ± 3.36°C 

 
 
  

74.13 ± 24.29 % 

 
2.66 ± 2.49°C 

87.79 ± 16.50 % 

 
1.04 ± 4.18°C 

56.72 ± 24.03 % 

 
SENAMHI 

(2024) 

,, 
 

- Wind speed ,, 
 

,, 2.58 ± 2.07 m/s 2.51 ±1.98 m/s 2.69 ± 2.17 m/s ,, 

ERA5-Land (reanalysis) 
- Quantile-mapped air temperature 

 

 
-13.8, -71.1 

 

 
~23 years 

(03/01/2000 

 
2.07 ± 3.38°C 

 

 
2.59 ± 2.66°C 

 

 
0.87 ± 3.84°C 

 

 
Sabater (2019) 

 
  –     

- Quantile-mapped relative humidity 
- Quantile-mapped wind speed 
- Surface pressure 

,, 
,, 
,, 

12/31/2023) 
,, 
,, 

74.76 ± 23.33 % 
2.50 ± 2.00 m/s 
56418 ± 202 Pa 

86.63 ± 16.84 % 
2.33 ± 1.80 m/s 
56366 ± 204 Pa 

60.08 ± 23.52 % 
2.68 ± 2.22 m/s 
 56455 ± 191 Pa 

,, 
,, 
,, 

 ,,   
 

CERES (satellite-derived observations) 
- Surface shortwave flux down 

 

 
-13.5, -71.5 

 

 
~23 years 

(03/01/2000 

 
205.44 ± 4.33 W/m2  

 

 
 200.53 ± 4.04 W/m2

 

 
 203.88 ± 7.29 W/m2

 

 
Rutan et al. 

(2015) 
  –    

- Surface longwave flux down ,, 
 

12/31/2023) 
,, 

310.84 ± 2.77 W/m2 324.04 ± 1.00 W/m2 290.10 ± 3.84 W/m2 



 

 

 

 

Table 2: Lake model performance and validation (whole lake averaged RMSE and Bias) 

 
 

Input CDRN 

Estimated 
ETA (m- shortwave 

1) extinction depth 
 (m)a

MIXFACT Compare to Period RMSE Bias (ºC) 

 Quantile-mapped 1.94 x 10-3 0.16 10.3 50 Daily lake 08/30/2016 – 0.456 0.135 
ERA5-Land hourly temperature 08/11/2018 (0.465) (-0.008) 
with CERES radiation. observation from (08/21/2017 – 

south (north) end 08/08/2018) 
 CMIP6 CESM2 SSP2- 1.94 x 10-3  0.16 10.3 50 Modeled lake 01/01/2015- 0.442 0.025 

4.5  temperature using 12/31/2019 
quantile-mapped 
ERA5-Land and 
CERES radiation 

CMIP6 CESM2 SSP5- ” ” ” ” ” ” 0.517 -0.002 

a 
 

8.5 
Estimated shortwave extinction depth = 1.7/ETA (Kalff, 2011) 
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