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Study region: Glaciated headwaters of the Vilcanota-Urubamba river basin, Southern Peru
Study focus: A pivotal question is if robust hydrological simulation of streamflow in data-scarce
and glaciated catchments can be achieved using parsimonious or more complex models. There
fore, a multi-model assessment of three glacio-hydrological models of different complexity was
conducted thoroughly analyzing model performance, flow signatures and runoff components.
New hydrological insights for the region: In data-scarce catchments, such as in the tropical Andes,
parsimonious glacio-hydrological models can provide more robust results than complex models.
While the overall performance of all models was reasonably good (R2: 0.65–0.70, Nash-Sutcliffe:
0.65–0.73, Nash-Sutcliffe-ln: 0.73–0.78), with increasing data scarcity more complex models
involve higher uncertainties. Furthermore, complex models require substantial understanding of
the underpinning hydrological processes and a comprehensive calibration strategy to avoid
apparently high model performance driven by inadequate assumptions. Based on these insights
we present a framework for robust glacio-hydrological simulation under data scarcity. This
stepwise approach includes, among others, a multi-model focus with a comprehensive assessment
of flow signatures and runoff components. Future modeling needs to be further supported by
alternative data collection strategies to substantially improve knowledge and process under
standing. Therefore, the extension of sensor and station networks combined with the integration
of co-produced knowledge represents a meaningful measure to robust decision-making for
climate change adaptation and water management under high uncertainty.

1. Introduction
Hydrological models are a common tool used to understand the water cycle and to assess the possible impacts of water management
policies (Hrachowitz and Clark, 2017). In the last decades there has been a trend to develop models of higher complexity (Perrin et al.,
2001) as our understanding of hydrological processes, globally available gridded datasets and computing power have increased.
Furthermore, wide availability of free software and modeling packages in combination with powerful automatic calibration tools have
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facilitated the use of complex models even to non-expert users.
However, multi-model comparisons have revealed that more complex models do not necessarily provide more consistent results
than parsimonious models (Caldwell et al., 2015; Jiang et al., 2007; Perrin et al., 2001; Tegegne et al., 2017). An inadequate model
complexity could lead to model over-parametrization (Perrin et al., 2001), and in particular a higher complexity could involve a more
difficult parameter estimation, higher uncertainty, and higher data requirement (Li et al., 2015).
Most of multi-model comparisons were carried out by using common measures of model performance, such as the Nash-Sutcliffe
efficiency or the coefficient of determination. Nevertheless, these indicators might be affected by the limitations of a proper assessment
of the model performance (Krause et al., 2005). Models that perform similarly during the calibration process might provide distinct
simulations under different conditions (Jiang et al., 2007), e.g. driven by climate change, often related to the model structure and
calibration strategy (Caldwell et al., 2015). A good model curve-fitting may not capture the underpinning dominant hydrological
processes (cf. Hrachowitz and Clark, 2017) and could thus neglect high uncertainties. A more appropriate calibration strategy should
therefore consider different aspects of the fit between measured and simulated runoff (Vansteenkiste et al., 2014) by using multiple
variables, model states, and hydrological signatures to comprehensively understand the respective hydrographs (Hrachowitz and
Clark, 2017).
In the tropical Andes, a considerable amount of research efforts have increased the understanding of the dominant hydrological
processes under present and future conditions, and possible impacts (e.g. Andres et al., 2014; Buytaert et al., 2006; Drenkhan et al.,
2019; Frans et al., 2015; Guido et al., 2016; Morán-Tejeda et al., 2018; Ochoa-Tocachi et al., 2016; Rodríguez-Morales et al., 2019).
Strong precipitation seasonality is one of the most relevant characteristics in the region where almost 80% of total annual precipitation
falls between October and April (c.f. Baraer et al., 2012), while during the dry season from June to August glacier runoff contributes a
major part of total discharge in some catchments, buffering water requirement for different water demands (c.f. Buytaert et al., 2017;
Condom et al., 2012; Drenkhan et al., 2019; Frans et al., 2015). Compared to mid-latitudinal glaciers, tropical glaciers involve
particular features and processes, such as when and how melt occurs, which has been described for the Cordillera Blanca (e.g. Kaser
and Georges, 1997; Vuille et al., 2008) and Cordillera Vilcanota in Peru (e.g. Hastenrath, 1978; Suarez et al., 2015; Yarleque et al.,
2018) and Cordillera Real in Bolivia (e.g. Sicart et al., 2011; Wagnon et al., 1999). Tropical Andean glaciers are exposed to a low
thermal seasonality which leads to continuous ablation and a constant 0 ◦ C level during the whole year (Kaser, 2001). Particularly in
outer tropical environments such as Peru, precipitation and humidity play a major role controlling sublimation and glacier melt
(Kronenberg et al., 2019; Sicart et al., 2008). In consequence, the widely used temperature-index models (e.g. Carenzo et al., 2016;
Hock, 2003) have limitations when estimating glacier melt (Sicart et al., 2011), while more appropriate sophisticated energy balance
models (e.g. Fyffe et al., 2014; Ragettli and Pellicciotti, 2012) with high data requirement (Juen et al., 2007) are of limited usefulness
when hampered by data scarcity, and hence have only been applied so far in a few highly instrumented catchments.
Most of the peer-reviewed glacio-hydrological simulations on a local scale have been conducted in Asia, Europe, and North America
(c.f. Tiel et al., 2020). Furthermore, model comparisons with focus on data-scarce regions are not common (e.g. Bai et al., 2017;
Ragettli et al., 2014; Tegegne et al., 2017). Such a context of limited data availability, regional experience and process understanding
challenges the implementation of glacio-hydrological models in the tropical Andes. There most glacio-hydrological simulations have
been conducted in Peru (e.g. Condom et al., 2012), and some in Bolivia (e.g. Soruco et al., 2015) and Ecuador (e.g. Pouget et al., 2017).
Lumped models are the most commonly used ranging from simple linear equations (e.g. Mark and Seltzer, 2003) to more complex
estimations that consider detailed hydroclimatic variables like glacier mass balance or sublimation (e.g. Soruco et al., 2015). No
lumped model seems to be preferred for simulations. Semi-distributed models are also widely applied in the region mostly using the
WEAP (Condom et al., 2012; Yates et al., 2005) and RS Minerve (García Hernández et al., 2016) software. WEAP allows simulation
under different model structures, while RS Minerve simulates runoff by using several conceptual models of different complexity such as
HBV (Bergström, 1976) and GR4J (Perrin et al., 2003). Lumped models are particularly suitable in the data-scarce tropical Andes as
they require a limited data input while semi-distributed models additionally provide information about the water cycle such as
detailed runoff components.
Despite these efforts there is only a limited number and scope of hydrological modeling research available for glacierized tropical
Andean catchments due to limited access, complex hydroclimatic processes, social tensions, and low institutional capacities (Drenkhan
et al., 2015; Schoolmeester et al., 2018; Vuille et al., 2018). To our knowledge, there is no peer-reviewed study available for the
tropical Andes implementing fully distributed models. Furthermore, glacio-hydrological multi-model assessments with strong
emphasis on comprehensive model result evaluation are missing.
Limited knowledge of model performance in the region is a critical shortcome with serious implications for research. Inappropriate
model selection could lead to the production of unusable model outputs or misleading interpretation of results and might thus be
jeopardizing meaningful decision-making support.
In this study we focus on the headwater area of the Vilcanota-Urubamba basin (VUB) in southern Peru which remains highly
understudied despite holding the second largest tropical glacier extent worldwide (~142 km2) including one of the highest peaks in
Peru (Ausangate, 6374 m a.s.l.) and the largest tropical ice cap Quelccaya at 5300 m a.s.l. (Drenkhan et al., 2018; Yarleque et al.,
2018). Together with the Zongo glacier in the nearby Cordillera Real, Bolivia, Quelccaya is among the most studied glaciers in the
outer tropics with important insights for tropical glacier melt processes (e.g. Guido et al., 2016; Hastenrath, 1978; Réveillet et al.,
2015; Sicart et al., 2011; Yarleque et al., 2018). The upper VUB is known for its high cultural importance for surrounding communities
(c.f. Vuille et al., 2018) providing water for 674 km2 of irrigated agricultural land, about 830,000 people, and more than 290 MW of
installed hydropower capacity (Drenkhan et al., 2019). This essential water supply for local livelihoods and regional economy is
jeopardized by climate change. Recent research suggests that almost half of glacier areas might vanish in the VUB under an RCP2.6
scenario or most parts disappear under an RCP8.5 scenario by the end of the 21st century (Drenkhan et al., 2018; Schauwecker et al.,
2
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2017).
Accordingly, this paper aims to identify if parsimonious or more complex glacio-hydrological models can perform robust simu
lations in areas with a tropical climate and important glacier contribution and scarce data. Therefore, we compare three glaciohydrological models of different complexity and assess them comprehensively by evaluating the commonly used measures of
model performance, associated flow signatures and runoff components.
2. Study site and regional setting
The study is carried out in the Sibinacocha and Phinaya catchments, both located in the headwater of the VUB, in the Cusco region,
Peru (Fig. 1). The Sibinacocha (Phinaya) catchment ranges from 4900 to 5975 (4709 to 6004) m a.s.l. with a current glacier extent of
10.9 km2 (19.6 km2) starting at about 5020 (4948) m a.s.l. (INAIGEM, 2018). A loss of about 36% (30%) in glacier area has been
observed for the Sibinacocha (Phinaya) catchment between 1986 (from our baseline, see Section 3.1 Models and data source) and 2016
(from the glacier inventory from INAIGEM, 2018), consistent with regional glacier studies (e.g. Schoolmeester et al., 2018; Vuille et al.,
2018; Yarleque et al., 2018). Below about 5000 m a.s.l., bare soils, overburden materials, and moraines act as an important temporary
water store particularly during the dry season (Baraer et al., 2015; Glas et al., 2018). These paraglacial landscapes are sparsely
populated by dry puna grasslands whose hydrological role has barely been investigated (Ochoa-Tocachi et al., 2016). An important
feature in the proglacial valleys represent glacier-fed high-Andean wetlands (locally called ’bofedales’) which can provide a major
contribution to base flow (Buytaert and Beven, 2011).
The main sources of moisture in the region are the tropical Atlantic and the Amazon basin (Garreaud et al., 2003; Neukom et al.,
2015). Total annual precipitation is about 540 mm, of which about 60% occurs during austral summer (December-February). As in
other tropical regions, surface temperature shows low annual variability, ranging from 0◦ to 3◦ C at monthly scale at the Sibinacocha
reservoir outlet.
The VUB is part of the outer tropics where glacier ablation occurs during the entire year, and accumulation is limited to the wet
season (Kaser, 2001). Such a typical ‘behavior’ of tropical glaciers is related to the absence of thermal seasonality combined with the
pronounced wet and dry seasons. Therefore, temperature indices are poor indicators for glacier melt while, in turn, precipitation and
humidity play a major role in melting processes (Kronenberg et al., 2019; Sicart et al., 2008). These features of the Peruvian outer
tropics have been widely explored in previous studies, mainly for the Quelccaya ice cap at 5300 m a.s.l. (see Buytaert et al., 2017;
Hastenrath, 1978; Yarleque et al., 2018) and at the Ausangate peak at 6374 m a.s.l., one of the highest peaks in southern Peru (see
Hanshaw and Bookhagen, 2014).
Phinaya (4910 m a.s.l.) is the only settlement in the study area and has about 340 inhabitants (INEI, 2017). Due to the harsh
climatic conditions, agriculture is not possible and the only economic activity is livestock breeding, such as alpacas and sheep, and
tourism to some extent. Local springs are the only source of potable water for both households and livestock. In 1996 the hydropower

Fig. 1. Map of the study site. Grey lines within the catchments delineate the elevation bands used for hydrological modeling. Glacier extent was
derived from satellite image classification for 1986 (proper analysis) and 2016 (INAIGEM, 2018). Wetlands were delimited from the Peruvian
national vegetation cover map (MINAM, 2015).
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company EGEMSA dammed the existing natural lake of Sibinacocha to regulate up to 110 million m3 of the natural water body extent
with the purpose to provide water for energy production at the Machu Picchu hydropower plant (about 230 km downstream of
Sibinacocha).
3. Data and methods
3.1. Models and data source
Three conceptual models were implemented and compared (see Fig. 2), in order of increasing complexity: 1) the lumped Simple
Hydrological Model for the Andes – Shaman model (presented in this study in Appendix A), 2) the semi-distributed Hydrologiska
Byråns Vattenbalansavdelning - HBV-light model (Seibert and Vis, 2012) and, 3) the semi-distributed Routing System MINERVE - RS
Minerve (García Hernández et al., 2016). A conceptual scheme of each model is shown in Appendix A. Both RS Minerve and HBV-light
have been selected because they are open-access, widely documented and increasingly be used for assessments in the Peruvian Andes e.
g. by the Peruvian Water Authority (ANA) and the National Meteorology and Hydrology Service of Peru (SENAMHI) and beyond. Both
models allow for including glacier and non-glacier routines, require few input data, and have been implemented to study a large
variety of topics including climate change impacts and water management (e.g. Astorayme et al., 2015; López López et al., 2018;
Lujano Laura et al., 2016; Nauditt et al., 2017; Ochoa-Sánchez et al., 2019; Sucozhañay and Célleri, 2018). In addition, the Shaman
model has been developed to model a full water balance accounting for, among others, a parsimonious glacier routine with focus on the
modeling of tropical glacier melt, a subsurface reservoir, and sectorial water demand including back flows. The model structure, setup,
and calibration method were designed to fit with the main features of the tropical Andean catchments like the strong precipitation
seasonality, year-round but still seasonal glacier melt, and data scarcity (by using limited input data). The simulations of all three
models were implemented on a monthly time step from 1981 to 2010. For both semi-distributed models (HBV-light and RS Minerve),
the catchments were divided into 200 m elevation bands starting at 4800 m a.s.l.
The Shaman model includes nine parameters with one module for glacier surfaces and one for non-glacier surfaces. Glacier
contribution to river streamflow (four parameters) is estimated as a function of the total glacier surface, the accumulation area ratio
(AAR), and melting factors which in turn are estimated through a sinusoidal function to provide a seasonal variability. Non-glacier
contribution (5 parameters) is based on Témez (1977) equations and is composed of two buckets, one for fast and one for slow
runoff components. As a result, one single runoff series is estimated at the outlet of the catchment (additional details in Appendix A).
HBV-light (named hereafter as HBV) includes 23 parameters and is based on the widely applied original HBV model (Bergström,
1976) that is capable of representing diverse catchment conditions (Seibert and Vis, 2012). Glacier contribution is constrained by nine

Fig. 2. Schematic representation of the three models compared in this study. PP = monthly precipitation (from gridded data). Light blue area:
glacier surface. Purple arrow: input data. Blue arrow: output data. Red arrow: estimation of precipitation with gradients. Black curves: elevation
bands. Orange dots: centroid of the catchment. (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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parameters of which six are specific to the glacier routine. Other parameters in the glacier routine, such as the temperature threshold
(TT) that defines thresholds for melt and the separation of liquid/solid precipitation are shared with the routine that simulates
non-glacier contributions. In particular, the SP factor allows a seasonal variability of the degree day factor (CFMAX). As a result, runoff
is estimated at the outlet of the catchment.
RS Minerve allows simulating total runoff based on an ensemble of different conceptual semi-distributed models. Several models
are available such as GR4J (Perrin et al., 2003), SACRAMENTO (Burnash et al., 1973), and HBV. In this study, we used the HBV model
to represent the non-glacier contribution composed of fast, intermediate, and slow runoff components (14 parameters), while the
Glacier-Snow Model (GSM) (García Hernández et al., 2016) was used to simulate glacier contribution to river streamflow (16 pa
rameters). GSM computed melting from snow and ice using two different degree-day factors and a sinusoidal function that allows
accounting for seasonal variations (cf. García Hernández et al. 2016). This combined approach of sinusoidal interpolation function
with a seasonal minimum (austral winter) and maximum value (austral summer) is particularly suitable for modeling melt from
tropical glaciers. As a result, runoff is estimated for each elevation band and the outlet of the catchment. This ensemble of the HBV and
GSM models using the RS Minerve software will be named hereafter as Minerve.
The topography for both catchments Sibinacocha and Phinaya was computed using the Global Digital Elevation Model ASTER
GDEM v3 at 30 m grid size available at the Earthdata NASA website (https://search.earthdata.nasa.gov/). The catchment boundaries
were then constructed applying the Arc Hydro Tools removing artifacts manually.
Monthly precipitation data were retrieved from the Peruvian Interpolated data of SENAMHI’s Climatological and hydrological
Observations (PISCO). PISCO v2.1 is a gridded dataset at 10 km spatial resolution that combines weather station, reanalysis, and
satellite data from 1981 to 2016 (Aybar Camacho et al., 2017). Monthly temperature data was taken from two local weather stations
operated by SENAMHI: Sibinacocha (2016 – 2019) and Quisoquipina (2013–2019) (Fig. 1). Missing data (partially between 1981 and
2013, and 2016) was imputed with nearest neighbor linear interpolation from the PISCO v1.1 temperature dataset. A quantile-based
bias correction was applied to the PISCO v1.1 since we observed higher temperature values than the local weather stations (around
+6 ◦ C). Potential evapotranspiration (PET) was estimated with the Turc (1961) method which uses mean monthly temperature
(retrieved from PISCO) and a global radiation dataset. The latter was taken from the Surface Meteorological and Solar Energy (SSE)
web portal (Stackhouse, 2016). For lake evaporation, a linear relationship between monthly air temperature and evaporation mea
surements or 1996 was calculated at Sibinacocha station (R2 = 0.73). This relationship was then used to estimate lake evaporation for
the entire study period at both Sibinacocha and Ccasccana lakes (Fig. 1). Monthly streamflow measurements were obtained from the
hydropower company EGEMSA for Sibinacocha outflow (1981–1996) and from ANA for the Phinaya bridge gauge (1981–1996).
Although the data sources were the same, each model required a particular input data arrangement. The Shaman model requires
one single input data series that represents the whole catchment. The precipitation series was estimated as a weighted area average,
while PET was computed by using the temperature at the average elevation from non-glacier areas only. HBV also required one single
input data series. The precipitation and PET series were the same as those used in the Shaman model. For temperature, we used the
data from the Quisoquipina weather station. Additionally, the model used gradients to estimate the input data for each elevation band.
In Minerve, the full PISCO v2.1 precipitation dataset and both weather stations for temperature were included. The PET values were
obtained from the Minerve dataset that also uses the Turc (1961) method.
Three glacier outlines were delineated from 1986, 1994, and 2004, which represented, as far as possible, the mid-year of the
calibration, validation, and simulation periods (see Section 3.2 Calibration strategy). Free multi-spectral optical satellite images were
used from Landsat 5 (1986, 1994) and Landsat 7 (2004) missions, downloaded from the USGS Earth Explorer. Since 2003 Landsat 7 has
scan-line corrector failures, however, due to the small extension of the study area the small affected areas were easily delineated by
applying multi-temporal assessment. Images with cloud cover up to 10% were selected within the dry season (June and July) to avoid
temporal snow cover leading to confusion of glacier discrimination. Glacier outlines were obtained through a semi-automatic approach
based on the Normalized Difference Snow Index (NDSI) (Hall and Riggs, 2011). NDSI thresholds were iteratively assessed, ranging
between 0.55 and 0.65. Glacier fragments were filtered using a minimum surface threshold of ≥ 5000 m2 (similar to the Peruvian
Glacier Inventory from ANA (2014)) and then manually edited to correct residual and confusion pixels (such as water bodies or cast
shadows).
Finally, the calibrated set of parameters of the Sibinacocha catchment were transferred to simulate total runoff for the Phinaya
catchment. This is a common practice in data-scarce and ungauged catchments with shared conditions (e.g. Bárdossy, 2007; Moussa
and Chahinian, 2009).
3.2. Calibration strategy
Three time periods were assessed: calibration (1981–1990), validation (1988–1996), and simulation (1998–2009). Model results
from both calibration and validation were compared with measured streamflow, while for the simulation period comparison was only
among model results. In each period the first two years were considered as model initialization (warm-up period) and therefore not
included in the assessment. Since most of the studies in the Peruvian Andes focus on water availability, the calibration focused on a
better representation of low flows than on high flows.
Parameter calibration was implemented at the Sibinacocha catchment where the longest runoff measurement is available. We took
into consideration the expected behavior of the different runoff components during the hydrological year (September to August) in the
Peruvian Andes. In the case of glacier contribution to total runoff, the highest absolute values should occur around November –
January (austral summer – wet season) when maximum solar radiation matches with low cloudiness and thus highest glacier mass
turnover (Kronenberg et al., 2016). Concerning non-glacier surfaces, it was expected that the fast runoff component plays an important
5
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role during the wet season. In the study region, high-Andean wetlands are a common feature and work as important water storage, and
the intermediate flow could serve as an approximation. Since groundwater is characterized by slow flow rates it was expected that the
slow runoff component remains constant during the hydrological year with higher absolute values during the wet season and an
increasing relative share of overall contribution in the dry season (Baraer et al., 2015; Glas et al., 2018; Polk et al., 2017).
Parameter calibration was implemented using an objective function (OF) composed of three measures of model performance that
capture average, high, and low flows. Each model has its own set of measures of model performance available for calibration. In the
Shaman model, the available measures of model performance for the OF were the coefficient of determination (R2) for average flow,
the Nash-Sutcliffe efficiency (Nash) for peak flows, and the logarithmic Nash-Sutcliffe efficiency (Nash-ln) for low flows. In HBV the OF
consisted of the model efficiency (Reff) for average flow, the peak flow efficiency (ReffPeak) for peak flows, and the logarithmic ef
ficiency (LogReff) for low flows. Finally, in Minerve, the OF consisted of the Kling-Gupta efficiency (KG) for average flow, the NashSutcliffe efficiency (Nash) for peak flows, and the logarithmic Nash-Sutcliffe efficiency (Nash-ln) for low flows. To facilitate the
comparison between models, a common set of measures of model performance were calculated after the individual calibration process:
the Spearman rank coefficient (Spearman), Nash, Nash-ln, KG, R2, and the weighted R2 (WR2) with the b gradient of the linear cor
relation between observed and simulated runoff proposed by Krause et al. (2005). Also, eight commonly used flow signatures were
calculated to characterize the different parts of the hydrograph (see Table 1).
Degree-day values and melting factor rates from literature (see Condom et al., 2011; Hock, 2003; Kronenberg et al., 2019)) were
used to help to constrain glacier parameters. Glacier mass balance from HBV and Minerve was used to calculate glacier mass balance
rates, which were compared with existing estimations from 2000 to 2009 for the same region (Dussaillant et al., 2019).
We used automatic calibration by using the available tools from each model. For that reason, no single tool was possible to use to
calibrate all models. In the Shaman model we used the generalized reduced gradient (GRG) nonlinear method (Lasdon et al., 1974), in
HBV the Genetic Algorithm and Powell optimization (Seibert, 2000), and in Minerve, the Shuffled Complex Evolution – University of
Arizona method SCE-UA (Duan et al., 1994).
As seen for calibration, instead of using a common set of measures of model performance and calibration tool, we used the pre
defined options within each model. This allowed reproducing the normal conditions of model implementation, that is: usually model
simulations are executed with the predefined options within the models.
4. Results
To facilitate model comparison, the results were assessed in two stages. First, we focused on the Sibinacocha catchment for which
measured streamflow exist. There, we looked at the total runoff simulation and the measures of model performance (Section 4.1 Total
runoff comparison), glacier runoff (Section 4.2 Glacier runoff simulation), and total runoff components (Section 4.3 Components of
total runoff). In a second step, we looked at the results from the parameter transfer from Sibinacocha to the Phinaya catchment (Section
4.4 Parameter transfer to the ungauged catchment). The calibrated set of parameters for each model is indicated in Appendix A.
4.1. Total runoff comparison
Streamflow measurements at the Sibinacocha catchment allowed us to compare both measures of model performance and flow
signatures (Table 2). All models provided acceptable values for measures of model performance. The Spearman coefficient suggests a
better fit between measured and simulated total runoff from more complex models in both calibration and validation. The Kling Gupta
coefficient (KG) ranks high for Minerve in both calibration and validation, although in calibration the highest value is for the parsi
monious Shaman model. The weighted coefficient of determination (WR2) showed the highest value in calibration (validation) for
results from HBV (Shaman). Overall, Nash-ln values (logarithmic Nash-Sutcliffe efficiency) were higher than Nash values (NashSutcliffe efficiency) as a result of the calibration strategy where higher importance was given to low flows. Model performance was on
average lower in validation than in calibration, but Shaman shows the strongest model performance reduction, followed by HBV and
Minerve. The more complex the model was, the higher the model performances that were achieved.
While measures of model performance tended to favor high model complexity, the flow signatures suggested the opposite. In
Table 2, the bold numbers indicate which model provides the closest flow signature values compared to those calculated from
Table 1
Flow signatures used in this study.
Signature
3

Qmean (Qm) (m /s)
Runoff ratio (RR)
Streamflow elasticity
(SE)
Slope
Q5 (m3/s)
Q75 (m3/s)
Q95 (m3/s)
Base flow index (BFI)

Description

Reference

Mean monthly discharge
Ratio of mean monthly discharge to mean monthly precipitation
Sensitivity of streamflow to changes in precipitation at an annual time scale

Sawicz et al. (2011)
Sawicz et al. (2011)
Sankarasubramanian et al.
(2001)
Sawicz et al. (2011)
–
–
–
Hosseini Duki et al. (2017)

Slope of flow duration curve between the 33rd and 66th streamflow percentiles
5% flow quantile (high flow)
75% flow quantile
95% flow quantile (low flow)
Ratio of mean monthly baseflow to mean monthly discharge, using a recession digital filter value
of 0.985
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Table 2
Measures of model performance used to assess the goodness of fit between the observed and simulated total runoff with each model at the Sibinacocha
catchment. Besides, the flow signatures used to characterize the hydrograph are shown.
Calibration (1983 – 1990)
Measures of model
performance

Flow signatures

Spearman
Nash
Nash-ln
KG
R2
WR2
Qmean (m3/
s)
Q95 (m3/s)
Q75 (m3/s)
Q5 (m3/s)
Slope
RR
SE
BFI

Validation (1990 – 1996)

Simulation (2000 – 2010)

Qobs

Shaman

HBV

Minerve

Qobs

Shaman

HBV

Minerve

Shaman

HBV

Minerve

–
–
–
–
–
–
2.7

0.85
0.82
0.78
0.91
0.86
0.07
2.8

0.91
0.81
0.84
0.78
0.87
0.42
2.8

0.92
0.83
0.85
0.84
0.72
0.14
2.9

–
–
–
–
–
–
2.4

0.82
0.65
0.73
0.79
0.65
0.25
2.4

0.87
0.73
0.78
0.79
0.70
0.07
2.3

0.89
0.71
0.77
0.80
0.70
0.08
2.6

–
–
–
–
–
–
2.5

–
–
–
–
–
–
3.4

–
–
–
–
–
–
3.3

0.8
1.3
8.4
-2.61
0.81
0.91
0.63

0.8
0.98
6.9
-3.38
0.84
1.12
0.59

0.7
0.91
7.0
-3.61
0.83
0.89
0.60

1.2
1.66
6.9
-2.45
0.80
0.80
0.59

0.2
0.75
7.8
-3.29
0.84
0.82
0.70

0.4
0.5
7.8
-4.93
0.81
1.18
0.57

0.5
0.77
6.5
-3.57
0.78
0.93
0.58

0.4
0.75
7.1
-3.13
0.82
0.84
0.51

0.4
4.0
7.5
-5.34
0.81
1.16
0.67

0.9
5.0
8.9
-3.36
1.12
0.81
0.64

0.4
5.7
8.5
-3.92
0.80
0.84
0.59

Bold numbers in the measures of model performance group indicate the highest value for every measure. Bold numbers in the flow signatures group
indicate which model provides the closest value to flow signatures from measured runoff.

Fig. 3. Comparison between observed and simulated total runoff at Sibinacocha catchment. Left column: flow duration curves show the percentage
of time in which discharges were equaled or exceeded. Middle column: historical total runoff. Right column: Box-plots of the difference between
simulated and observed runoff expressed as a fraction of observed runoff.
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HBV

Minerve

m3/s
Calibration Glacier surface 1986 17 km2

Annual
JJA
DJF
Max
Month
MB

0.42
0.33
0.51
0.53
Dec
–

Shaman

HBV

Minerve

24
39
10
44
Aug
–

29
45
15
61
Aug
–

%
0.41
0.32
0.50
0.54
Feb
-0.18

0.43
0.37
0.55
0.63
Dec
-0.20

32
55
9
59
Aug
–

0.8
Runoﬀ (m3/s)

Shaman
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Table 3
Main indicators of simulated glacier runoff at Sibinacocha catchment from multiannual average from each period: calibration (1983–1990), validation (1990 – 1996), and simulation (2000 – 2010).
Glacier runoff is expressed as m3/s and as a contribution to total runoff (%). Graphs on the right panel show the multiannual average of glacier runoff simulation from each period and model.

0.6
0.4
0.2

8

Annual
JJA
DJF
Max
Month
MB

0.37
0.29
0.45
0.47
Dec
–

0.34
0.25
0.42
0.46
Feb
-0.24

0.35
0.27
0.47
0.57
Dec
-0.34

31
52
10
62
Sep
–

24
38
10
42
Aug
–

26
40
13
62
Sep
–

0.6
Runoﬀ (m3/)

Validation Glacier surface 1994 15 km2

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

0.0

0.4
0.2

0.32
0.25
0.39
0.41
Dec
–

0.36
0.25
0.45
0.49
Feb
-0.22

0.33
0.30
0.39
0.41
Dec
-0.32

29
49
8
52
Jul
–

18
29
7
30
Aug
–

22
42
7
58
Aug
–

0.6
Runoﬀ (m3/s)

Annual
JJA
DJF
Max
Month
MB

0.4
0.2

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

0.0
JJA: average during the dry season June, July, August. DJF: average during the wet season December, January, and February. Month: month of maximum glacier runoff (m3/s) and maximum glacier
contribution to total runoff (%). MB: glacier mass balance rate in m w.eq./year.
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Simulation Glacier surface 2004 13 km2

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

0.0
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measured runoff for the respective calibration and validation periods. In that way, both Shaman and HBV models performed better
than the more complex model Minerve. However, Minerve was the one whose performance does not largely differ between calibration
and validation in terms of flow signature similarities, followed by Shaman and HBV models. Despite that, the calculated flow sig
natures are similar across the different models at calibration and validation periods.
The Shaman model showed higher sensitivity to changes in precipitation than the other models (the highest streamflow elasticity
SE among the models). Indeed, both Shaman and HBV had similar flow signatures. Minerve showed, on the other hand, less sensibility
to changes in precipitation and influence from fast flows indicated by both lower runoff ratio (RR) and slope compared to other models.
Both the flow duration curve (FDC) and hydrographs from Fig. 3 show similarities between the models during calibration and
validation. Nevertheless, the small differences were amplified in the simulation period. As expected, the low flows were better esti
mated than the extreme peak flows due to the calibration strategy. The box-plots in the right column of Fig. 3 show the difference
between the simulated (Qsim) and measured total runoff (Qobs) as a fraction of the total runoff that can be considered as error es
timations (EE). Minerve showed higher EE than HBV and Shaman, represented by the largest box-plot. The magnitude of the EE from
Minerve and Shaman looks the same in both calibration and validation, while EE from HBV reduces in validation. The box-plots show
also a tendency to overestimate the total runoff, except for the Shaman model where over and underestimations look similar.
4.2. Glacier runoff simulation
In the absence of measured glacier runoff data, we used several assumptions to constrain the parameters of the glacier runoff
simulation (see Section 3.2 Calibration strategy). Such a strategy resulted in similar glacier runoff from every model in m3/s but a
different proportion of glacier contribution to total runoff (Table 3). All models estimated glacier runoff at about 0.37 m3/s on average
between 1983 and 2010 (about 14 km2 of glacier surface on average for this period). Estimated annual glacier runoff represents on
average about 26% of total runoff which is in line with regional studies (e.g. Buytaert et al., 2017). Both Shaman and Minerve indicated
that the maximum glacier contribution (m3/s) occurs at the beginning of the summer season (December), while HBV estimated the
maximum to occur at the end of the summer season (February). During the calibration period, all models simulated the maximum
relative glacier contribution in August.
The hydrograph from glacier runoff from the Shaman model is smoother than the ones from HBV and Minerve (Table 3 right panel).
That is because the simulations from Shaman are not based on climate variables but on the glacier surface, accumulation area ratio
(AAR), and melting factors. Both Minerve and Shaman showed a decrease of the glacier runoff from the calibration to the simulation
period according to changes in the glacier surface. HBV in its turn showed a decrease in glacier runoff from calibration to validation,
and then a slight increase in the simulation period (Table 3 right panel), which might be related to the high streamflow elasticity (SE) of
the model (Table 2).
We also calculated the glacier mass balance rate from HBV and Minerve for each period (Table 3). Low rates were calculated in the
calibration period, which then increased during the validation period and decreased again in the simulation period. Despite those

Fig. 4. Components of total runoff at Sibinacocha catchment simulated with each model from the multiannual average hydrological year. Top:
results from first automatic calibration with the predefined range of parameters. Bottom: results from calibration after an exhaustive readjustment of
parameter ranges and several automatic calibration runs. Qgla: glacier runoff. Qslow, Qint, Qfast: slow, intermediate, and fast flow components of
total runoff. Qlake: runoff from the lake. Qover: overland flow from glacierized areas.
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changes, results from the simulation period (2000–2010) are in line with the regional estimations of geodetic mass balance computed
by Dussaillant et al. (2019) that ranges from − 0.35 to − 0.38 m w.eq./year for the headwater of the VUB. These results are also in line
with mass balance estimations from the Cordillera Blanca (2006 – 2007) calculated as − 0.32 ± 0.4 m w.eq./year (Gurgiser et al.,
2013).
4.3. Components of total runoff
Each model estimated different runoff components depending on their structure. In addition to glacier and lake runoff, the Shaman
model simulated slow and fast runoff; the HBV model simulated slow, intermediate, and fast runoff from non-glacierized areas, and
overland flow from glacierized areas; and Minerve simulated slow, intermediate, and fast runoff (Fig. 4).
In automatic calibration, every model had a predefined range of parameters to balance the contribution of every single runoff
component. However, we observed that in most of the cases the automatic calibration tends to overestimate the slow or glacier flows to
compensate for the strong precipitation seasonality. Even more, such a result provided high model performance in the very first run of
automatic calibration. For non-expert users, this might indicate a good model performance despite the wrong representation of
relevant hydrological processes in the study area. Fig. 4 shows both results from the first automatic calibration (top) and after a careful
and exhaustive readjustment of parameter ranges and several runs of automatic calibration (bottom).
All models were able to represent the assumptions described in Section 3.2 Calibration strategy like higher fast flow contribution in
the wet season and higher slow flow contribution in the dry season (bottom row Fig. 4). The slow flow from Shaman is equivalent in
order of magnitude to the sum of intermediate and slow flows from HBV and Minerve. HBV indicated a higher contribution from
intermediate flow in comparison with the slow flow. In turn, Minerve provided an equivalent contribution between intermediate and
slow flows. In the absence of additional measurements, it is difficult to indicate which one provides a more realistic simulation.
Regarding the slow flow, that approximates groundwater, HBV simulated a more stable slow flow without peaks, an expected char
acteristic of groundwater.
4.4. Parameter transfer to the ungauged catchment
The set of parameters calibrated from the Sibinacocha catchment were used to simulate the runoff at the Phinaya catchment. In the
latter monthly streamflow measurements from December 1992 to December 1993 exist, which were compared with simulated runoff
(Fig. 5). By looking at the hydrograph, results from both HBV and Shaman provided a better fit to the measured data, while Minerve
overestimated the total runoff most of the time. However, the seasonality was well represented. All models provided a high coefficient
of determination (R2), the highest was HBV (0.93), followed by Minerve (0.83) and then Shaman (0.82). The flow duration curve in
Fig. 5 (right panel) was calculated from the full simulation at Phinaya catchment from September 1983 to August 2010. Both Shaman
and HBV provided closer simulations among them mainly for high and medium flows, (<45% of exceedance), while Minerve tended to
estimate higher flows for the same percent of exceedance. Regarding low flows (>65% of exceedance), all models tended to provide
similar results to each other.
5. Discussion
Results outlined above show that there is no significant difference of simulation outputs from parsimonious and more complex
models. This corroborates previous studies (e.g. Breuer et al., 2009; Perrin et al., 2001; Vansteenkiste et al., 2014) which indicate that
more complex models do not necessarily improve the performance of hydrological simulations. Contrariwise, parsimonious
glacio-hydrological models can provide more robust results than more complex models in a context of data scarcity and limited process
understanding, such as in the glacierized tropical Andean catchments. If sufficient quantity and quality data is available, more complex
models might provide several advantages, like estimations inside of the catchments or deeper processes understanding.

Fig. 5. Left: observed and simulated total runoff at Phinaya bridge from December 1992 to December 1993. Right: flow duration curve from the
simulated total runoff from 1983 to 2010.
10

Journal of Hydrology: Regional Studies 37 (2021) 100932
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However, several limitations need to be considered when evaluating the presented results in this study. Firstly, the selected hy
drological models depict a certain range rather than a full spectrum of model complexity. Secondly, no fully distributed model was
assessed due to the inherent limitations of data input and process complexity. This might also be the main reason why no fully
distributed models have been implemented yet in the region. Thirdly, the use of different OF and calibration tools influence the
simulations and model results. Although some calibration tools might be more powerful than others, all model results were compared
with the same measures of model performance. Lastly, another important insight is linked to the assessment of final model outputs at
the catchment outlet only.
In the following sections, we elaborate and discuss in more detail the aforementioned critical points and present a modeling
framework to improve the robustness of glacio-hydrological simulation in glacierized data-scarce tropical Andean catchments.
5.1. Parsimonious vs complex glacio-hydrological models
Results suggest that three models of different complex perform similar runoff simulations. The median error estimations from all
models are also comparable among them (+/− 15%) (see Fig. 3) although they represent only the behavior of total runoff. Small
differences between model results might be related to the model structure (the inherent conceptual differences) and how the input data
is used (see Section 3.1 Models and data sources). As a result, the parsimonious Shaman model can perform as well as the more complex
HBV or Minerve models while providing a clear advantage of reduced computer power and data requirement.
This becomes more relevant with automatic calibration without an expert supervision and quality checking because the runoff
components can be wrongly compensated to achieve good model performance (see top row in Fig. 4). This is known as the ‘achieving
good model performance for the wrong reasons’ error and has been observed in several model applications (e.g. Finger et al., 2015;
Kirchner, 2006; Konz and Seibert, 2010). Automatic calibration results are highly sensitive on the selection of the measures of model
performance, the specified search scheme, and numerical measures of the goodness-of-fit (Madsen, 2000). Therefore, even when
automatic calibration tools are powerful and easy to use, they need to be carefully supervised to make full benefit of the advantages
such as exploring an exhaustive set of parameter options in a short time series. Fig. 4 shows that unsupervised automatic calibration
from Shaman and HBV provided a distribution of runoff components than the automatic calibration from Minerve. Nonetheless, the
Shuffled Complex Evolution method (SCE-UA) which is available for Minerve is well known as an efficient and robust tool for
automatic calibration of hydrological models (Muttil and Jayawardena, 2008; Seong et al., 2015; Wang et al., 2010). Under the specific
conditions of this study, the exhaustive calibration strategy of Minerve that requires further adjustment of the runoff components
represents a disadvantage compared to the more parsimonious Shaman and HBV models.
Our assessment, under complex and data-scarce basin conditions, highlights the fact that measures based on model performance
only do not provide sufficient information about the drivers behind the predominant hydrological processes. A comprehensive
assessment is needed to identify or reject model results that do not meet minimum requirements (Vaché and McDonnell, 2006). Such a
comprehensive assessment is directly linked to the calibration strategy. In this study, the calibration strategy used different as
sumptions based on the fast and slow flows to constrain the runoff components but also to reject unrealistic model results (see Section
Table 4
Compared potential benefits between the implementation of parsimonious and more complex glacio-hydrological models in the data-scarce tropical
Andean catchments.

Model complexity
Parsimonious More complex
Detailed input data at the outlet
Low
High
Input data
Input data within the catchment
Low
High
Distributed input data
Low
High
Input
Knowledge of catchment processes
Low
High
Knowledge of
Knowledge of the cali
on tool
Low
High
processes
Knowledge of model structure
Low
High
Structure complexity
Low
High
Model
structure
Structure ﬂexibility
Medium
Low
Number of parameters
Low
High
Model Parameters
Risk of parameter equiﬁnality
Low
High
Risk of overparameteri on
Medium
High
Complexity of the cali
on tool
Medium
High
Calib
n
strategy
Cali
on ﬂexibility
Low
High
Output data at the outlet
Low
High
Output data
Output data within the catchment
Low
High
Output Represen on Represe
on of internal basin processes Low
High
of hydrological Represe
on of hydrological processes Low
High
processes
Insights of hydrological processes
Low
High
Category

Feature

Dark blue color indicates high potential benefits, light blue color indicates low benefits.
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3.2 Calibration strategy). Vansteenkiste et al. (2014) applied a similar approach for the calibration procedure where runoff responses
derived from rainfall and potential evapotranspiration were used to constrain the runoff components. Nevertheless, this approach
implies some degree of subjectivity and is therefore highly dependent on the modeler’s expertise.
More complex models provide several advantages such as a larger sets of calibration options (Perrin et al., 2001), spatial scenarios,
specific simulation and analysis options within the catchment (Pokhrel and Gupta, 2011) and provide new insights about the hy
drological processes (see Table 4). Nevertheless, in the absence of sufficient measurements and process understanding, all model
results remain as unverified hypotheses (Hrachowitz and Clark, 2017). To produce robust simulations and benefit of its advantages,
more complex models require sufficient data availability (of both quality and quantity), and a deep understanding of the underlying
model structure and the predominant hydrological processes in the catchment.
Table 4 summarizes the potential benefits and trade-offs of the implementation of parsimonious and more complex models under
data scarcity. On the one side, parsimonious models require limited input data and knowledge about the hydrological processes, with
robust model outputs but of limited insight and mostly with single research goals. On the other side, more complex models require
additional data and expertise to use their full potential and advantages such as providing new insights of hydrological processes. These
trade-offs highlight the importance of a careful model selection depending on the research goal and how well the dominant hydro
logical processes are understood. Therefore, a more appropriate approach in data-scarce environments is to collect additional data,
improve the calibration strategy, and implement a comprehensive model assessment of parsimonious models rather than increasing
model complexity (c.f. Finger et al., 2015; Tarasova et al., 2016).
5.2. Glacier runoff simulation
In this study, glacier runoff was constrained by three factors: the change of glacier area over time, the glacier mass balance rate, and
relative glacier contribution to total runoff. Accounting for changes in glacier area over time due to glacier melt is not a regular
practice, instead the glacier area remains the same in hydrological simulations over large periods with the risk to overestimate glacier
runoff (Tiel et al., 2020). Here, the glacier surface was delineated from satellite images using a common semi-automatic approach
deploying the NDSI and manual editing with an estimated error at around ± 5% under normal conditions (Paul and Kääb, 2005). Other
studies applied different approaches that take into account vertical changes in the glacier mass but require additional data such as
glacier volume or snow water equivalent (e.g. Bahr et al. 2015; Huss et al., 2010). Our computed relative annual and seasonal glacier

Fig. 6. Proposed framework for robust glacio-hydrological simulation under data scarcity.
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contribution to streamflow are in line with existing studies (e.g. Buytaert et al., 2017). Nevertheless, without field measurements that
help to constrain glacier model routines (see Konz and Seibert, 2010) results are highly dependent on user expertise and parameter
selection. Therefore, we additionally used a glacier mass balance rate corresponding to available measurements which have proven to
be suitable when assessing appropriate melting rates (see Section 3.2 Calibration strategy).
In tropical high-mountain conditions, our results suggest that a differentiated routine and parameters for glacier and non-glacier
areas (like in Shaman and Minerve models) are more helpful than an integrated approach (like HBV) when simulating glacier runoff.
The differentiated coefficients provide flexibility when trying to simulate the expected absolute and relative glacier contribution to
total runoff. In any case, common degree-day models are not appropriate for simulating the melting of tropical glaciers. At sub-annual
time steps, air temperature is a poor index of melt due to relative constant temperature throughout the year and low air heat content in
high altitudes (Sicart et al., 2008). Therefore, adapted approaches, such as a sinusoidal interpolation function (used in Shaman and
Minerve models) with a seasonal minimum (austral winter) and maximum melt factor (austral summer) seem to be more promising
(García Hernández et al., 2016; Kronenberg et al., 2019; Sicart et al., 2008).
5.3. A framework for robust glacio-hydrological simulation in data-scarce areas
Based on the insights of our inter-model comparison for the Peruvian Andes, a framework has been developed that includes three
main levels and four pillars to support robust glacio-hydrological simulation under data scarcity (Fig. 6).
In the first level, the research goal of simulations is defined and the dominant hydrological processes are identified. In this study,
the focus was rather on low flows than on peak flows, while the seasonality of glacier runoff and the high contribution of slow flows
were identified as key hydrological processes. The second level covers the data collection process including e.g. gridded datasets of
precipitation and evapotranspiration (often not available as in-situ data), while temperature can normally be obtained from weather
stations. Such a data needs to be comprehensively assessed in both quality and quantity depending on the time step and study period.
The third level comprises the entire modeling process divided into four pillars. The first pillar (3.a) focuses on the database
construction by extending temporally and spatially, when possible, the climate data series, the collection of glacier mass balance data
or rates and the delimitation of multit-emporal glacier outlines. In this study for instance, we extended the in-situ temperature series in
time with gridded data, compared our glacier mass balance data with regional estimates and delineated glacier outlines for calibration,
validation and simulation periods. The second pillar (3.b) focuses on the calibration strategy by establishing assumptions about the
expected runoff components and the glacier runoff contribution to total runoff (see Section 3.2 Calibration strategy). Then, the third
pillar (3.c) focuses on the model implementation through the multi-model association (e.g. differentiated routines and parameters for
glacier and non-glacier regions) and the multi-model ensemble (e.g. running different models of different complexities), the latter
which has been successfully implemented in climate models. Finally, the last pillar (3.d) focuses on the model evaluation by using both,
common model performance indicators and, additionally, evaluating e.g. flow signatures and different runoff components.
Short and limited data series do not allow the models to capture all relevant flow signatures, and models can only partially
reproduce them. Therefore, the use of different models and complexities in a multi-model ensemble can provide more robust results
than a single model. If available, additional data can be included in the Calibration strategy (3.b) or in the Model evaluation (3.d) as
part of a multi-response or multi-data calibration (e.g. He et al., 2018; Konz and Seibert, 2010; Pellicciotti et al., 2012; Tarasova et al.,
2016; Uhlenbrook and Leibundgut, 2002).
The individual steps within the framework can be considered as universally applicable to improve the quality of hydrological
simulations and considered best practices in applications beyond this particular study region and purpose. Therefore, the framework is
also valid in data-rich and non-tropical glacier regions. Nonetheless, a systematic integration and implementation of each step within
the framework considerably improves the quality and meaningfulness of simulations in data-scarce regions.
5.4. Implications for technical institutions and decision-makers
The development of efficient strategies for data collection and hydrological modeling approaches that increases process under
standing is of paramount importance to bridge limited in-situ data and the lack of regional studies. Modelers can benefit from a
knowledge production process by implementing parsimonious models at a first stage and then increase model complexity as new data
and knowledge is gathered. Therefore, the presented framework (Fig. 6) can facilitate the exploration of new models within a multimodel strategy that could fit better research goals and context.
Nevertheless, data scarcity, limited research capacities and process understanding remain a major bottleneck that both academia
and (local) governments need to tackle. Future research should focus on overcoming these limitations that require, among others,
additional funding, time allocation for research, capacity building and the development and use of meaningful applications. In the last
years, citizen science based initiatives have increasingly been adopted in the tropical Andes and beyond, as they contribute to the
flexible collection of extensive datasets, often combined with low-cost sensor technology (Buytaert et al., 2014; Njue et al., 2019). As
participatory approaches, they can potentially empower e.g. local communities by engaging them with data monitoring, management,
and further decision-making. Ideally, this collaborative process integrates different types of co-produced knowledge within a shared
baseline since the early research planning (Muccione et al., 2019) which could then be used for hydrological modeling and further
water management planning (Njue et al., 2019). Additionally, decision-making under deep uncertainty (Marchau et al., 2019) and
exploratory scenario modeling (Kwakkel, 2017) approaches have an enormous potential to support policy-making for climate change
and water management. Such approaches deal with high uncertainties from different sources including both natural and human
factors. In the near future, glacio-hydrological modeling in the tropical Andes will most likely continue to deal with high uncertainty
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and limited process understanding due to the striking gap in data monitoring and modeling approaches. Model results should thus be
taken as first-order indicators with limited significance and precision that need to be constantly revised and updated when new data
are available. Future studies should also continue with systematic data collection in the region, exploring improvements in under
standing hydrological processes, as well as, the adaptation or design of particular model structures that represent the relevant
catchment behavior in the glacierized tropical Andes. The use of remote sensing data seems promising to fill data gaps but modelers
should be aware of the limitations and combine the advantages of comprehensive remote sensing assessments with ground-truth
validation (Sidle, 2021; Taylor et al., 2021).
6. Conclusion
This paper aims to identify if parsimonious or more complex glacio-hydrological models can perform robust simulations in tropical
glaciated mountain environments with scarce data. Accordingly, three models of different complexity were compared and compre
hensively assessed.
For the 2000–2010 period, total runoff was estimated as 2.5–3.3 m3/s with an annual (maximum) glacier contribution of 18–29%
(29–49%). Absolute (relative) maximum glacier contribution to runoff was calculated for December (August) as 0.41–0.49 m3/s (30 –
58%). All model complexities allow for acceptable modeling performance (R2 0.65–0.70, Nash-Sutcliffe 0.65–0.73, Nash-Sutcliffe-ln
0.73–0.78) with small differences related to the model structure. This confirms findings from previous studies more complex models do
not necessarily improve hydrological simulation. More complex models require a more comprehensive calibration strategy and
assessment to avoid simulations with apparently high model performance driven by inadequate assumptions. Besides, complex models
require a better understanding of the hydrological processes that are often hampered by data scarcity, limited knowledge, and field
accessibility, such as in the glacierized tropical Andes. Therefore, our study suggests that parsimonious glacio-hydrological models can
provide more robust results than complex models in data-scarce catchments.
Our results imply several limitations that need to be carefully considered: 1) the selected models do not cover the full spectrum of
model complexity, 2) different OF and calibration tools have been used that influence the simulation and quality of the model results,
and 3) the assessment of model outputs was performed at the catchment outlet only which does not allow for further modeling insights
within the catchment.
Results suggest that the use of parsimonious models combined with a careful calibration strategy, and additional data collection can
provide more robust simulations rather than opt for increasing model complexity. Additional data includes, among others, extended
climate data series, glacier mass balance data, multitemporal glacier outlines and single runoff measurements. Based on these insights,
a framework has been developed that aims for robust glacio-hydrological simulation under data scarcity. This approach includes a
multi-model focus with a comprehensive assessment of flow signatures and runoff components, and is relevant for the tropical Andes
region and other regions with similar characteristics.
While such a combined model framework will most likely contribute to more robust hydrological simulations, the remaining
challenges of high uncertainty, limited knowledge and capacities hamper a further improvement of model results. Academia and
(local) governments should therefore continue to extend data collection, improve understanding of hydrological processes, and the
adaptation or design of model structures for specific applications in glacierized tropical Andean catchments.
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Peru’s Cordillera Blanca. J. Glaciol. 58, 134–150. https://doi.org/10.3189/2012JoG11J186.
Baraer, M., McKenzie, J., Mark, B.G., Gordon, R., Bury, J., Condom, T., Gomez, J., Knox, S., Fortner, S.K., 2015. Contribution of groundwater to the outflow from
ungauged glacierized catchments: a multi-site study in the tropical Cordillera Blanca, Peru. Hydrol. Process. 29, 2561–2581. https://doi.org/10.1002/hyp.10386.
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López López, P., Immerzeel, W.W., Rodríguez Sandoval, E.A., Sterk, G., Schellekens, J., 2018. Spatial downscaling of satellite-based precipitation and its impact on
discharge simulations in the magdalena river basin in Colombia. Front. Earth Sci. 6 https://doi.org/10.3389/FEART.2018.00068.
Lujano Laura, E., Sosa Sarmiento, J.D., Lujano Laura, A., Lujano Laura, R., 2016. Modelación hidrológica semidistribuida en la región hidrográfica del Titicaca: caso
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Ochoa-Tocachi, B.F., Buytaert, W., De Bièvre, B., Célleri, R., Crespo, P., Villacís, M., Llerena, C.A., Acosta, L., Villazón, M., Guallpa, M., Gil-Ríos, J., Fuentes, P.,
Olaya, D., Viñas, P., Rojas, G., Arias, S., 2016. Impacts of land use on the hydrological response of tropical Andean catchments. Hydrol. Process. 30, 4074–4089.
https://doi.org/10.1002/hyp.10980.
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