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A B S T R A C T   

Study region: Lake Como watershed, between Northern Italy and Switzerland (Europe). 
Study focus: We analyse the potential vulnerabilities of existing water management practice in 
sub-alpine regulated lakes. We comparatively explore a wide range of inflow scenarios using a 
bottom-up approach, relying on synthetic alteration of observed climate drivers, and a top-down 
procedure, working with both CMIP5 and CMIP6 projections. We then run an ANOVA to back-
track components of variability in the projected lake inflows to key uncertainty sources. 
New hydrological insights for the region: Results show a general worsening of lake management 
performance under the top-down projections with respect to the equivalent bottom-up scenarios, 
with the CMIP6 ensemble yielding worst conditions than CMIP5. Moreover, the top-down, 
physically-based scenarios highlight non-linear patterns of climatic/hydrological variability 
that challenge historical management, while bottom-up projections overlook these trends. The 
results of the ANOVA demonstrate that at mid-century the choice of the general circulation model 
is the dominant factor influencing the variability, while climate patterns become more relevant 
toward the end of the century. Overall, our study provides numerical evidence of the ongoing and 
projected impact of climate change on sub-alpine regions and outlines how different inflow 
scenarios generation approaches result in different inflow variability and associated risk 
assessment.   

1. Introduction 

Water from the Alps is paramount for sustaining many European rivers and lakes as it supports a variety of water-related activities. 
Alpine hydropower contributes about 13% of the Italian national production (Gaudard et al., 2014; GSE - Gestore Servizi Energetici, 
2021). Water from the Alps mostly reaches the Po Valley, which is the most productive agricultural area of Europe, where farming 
areas cover 45% of the catchment (Bocchiola et al., 2013; Giuliani et al., 2016a), and contribute to 35% of Italian agricultural pro-
duction (Zullo et al., 2019). Besides, the Po Valley hosts 21 M people and 48% of Italian industries (ibidem). 

Recent fallout of climate change on the cryosphere-driven hydrology of the Alps is widely acknowledged (Bocchiola, 2014; Fatichi 
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et al., 2015; Gobiet et al., 2014; Mastrotheodoros et al., 2020) with increasing evidence of higher runoff during fall due to more liquid 
than solid precipitation and of decreasing summer inflow due to reduced snow-cover, earlier thaw, and glaciers’ down wasting (Aili 
et al., 2019; Beniston and Stoffel, 2014; Confortola et al., 2014). These alterations of the Alpine hydrological regime will substantially 
negatively impact a wide range of water users, calling for timely adaptation of existing water management strategies (Anghileri et al., 
2018; Brekke et al., 2009; Haguma et al., 2014). Climate change adaptation is emerging as a key challenge for the complex infra-
structure system controlling water distribution to a variety of multisectoral and often competing water demands, including hydro-
power production, irrigation supply, flood control, ecological flows, and tourism (Galelli et al., 2010). 

In this paper, we analyse the potential vulnerabilities of existing water management strategies in the Po Valley when exposed to 
changing climate conditions. In particular, the proposed approach is applied to the Lake Como system, one of the most important 
multi-purpose regulated lakes in Northern Italy. 

To quantify the impacts of climate change in the Lake Como system, we implement two different but complementary methods, 
namely i) a bottom-up approach, i.e. a set of scenarios generated by independently re-sampling the main climatic variables over 
predefined ranges of variability, ii) a top-down approach, i.e. a simulation-based analysis relying upon an ensemble of IPCC scenarios 
simulated by global circulation models (GCMs) and properly downscaled to represent the local conditions of the study area. 

Through the first method, we evaluate the robustness of the system against a wide range of potential changes in a single or in few 
climatic drivers. However, such method explores first order (i.e. changes of the mean values) variability and does not consider i) 
mutual interactions between climate variables such as temperature and precipitation nor ii) higher-order (e.g. changes in variance) 
effects, changing seasonal patterns or frequency of extreme events (storms, wet/dry spells, heat waves). Thus, they do not represent 
physically consistent patterns of climate and do not explore full potential variability thereby (Brown and Wilby, 2012; Culley et al., 
2016; Prudhomme et al., 2010). The second method instead considers physically based, plausible scenarios, including interconnection 
between weather variables, and higher-order variability (changes in the variance, seasonal behaviour, frequency distribution, etc.). 
They are however less useful to identify sensitivity to single drivers, and they need local downscaling, especially for precipitation 
(Groppelli et al., 2011a). 

To pursue our top-down approach, we consider here IPCC climate change scenarios relative to the Fifth Assessment Report (AR5), 

Fig. 1. Digital Elevation Model and location of Lake Como catchment. Green points correspond to automatic weather stations, whereas the orange 
point is the Malgrate hydrometric station. The main irrigation consortia of the Po valley are reported in green. (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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and the Sixth Assessment Report (AR6). AR6 couples shared socio-economic pathways (SSPs), that consider e.g. investments in ed-
ucation, health and energy development, with updated representative concentration pathways (RCPs, already used in the AR5), 
relative to greenhouse gases (GHG) emissions, and land use changes scenarios (Fuso et al., 2021). The use of different AR5/AR6 IPCC 
scenarios (RCPs/SSPs) as input to different climate and hydrological models, may broaden the projection range, and uncertainty 
thereby (Herman et al., 2020). Finally, to evaluate the main sources of variability of our projected scenarios we carry out an uncer-
tainty analysis using the ANOVA method. 

Since the choice of a specific hydrological model may bias the analysis of the projected hydrologic regimes, in our analysis we use 
two hydrological models, namely Topkapi (Fatichi et al., 2015) and Poli-Hydro (Aili et al., 2019; Soncini et al., 2017). 

The rest of the paper is organized as follows. In the next section, we introduce the case study area and the data used. Then, the 
methodology is explained in Section 3. The results are discussed in Section 4, and in Section 5 main findings and conclusions are given. 

2. Case study 

The case study area is the Lake Como system (Fig. 1), located between the Central Italian Alps, and the agricultural districts of the 
Po valley. The lake has an estimated volume of ca. 23.4 km3 and it is operated at the Olginate dam under multiple constraints 
(Anghileri et al., 2011; Denaro et al., 2017; Giuliani et al., 2016b; Giuliani and Castelletti, 2016). The lake release supplies downstream 
water demand to hydroelectric plants and to four irrigation districts over an area of 1400 km2, with maxima in June and July (ca. 226 
m3s-1), and minima in winter nearby 90 m3s-1. These values correspond to the water rights negotiated by the different negotiation 
consortia. Main cultivated crops are maize, grassland, rice, wheat, sugar beets, with production comparable to the most productive 
areas of Europe (East Flanders, Alsace, Noord-Bradant, and Schleswig-Holstein, Bocchiola et al. 2013; Bocchiola, 2015). 

The second objective of the lake management is to avoid shoreline floods, i.e. by maintaining lake level below the lowest point on 
the lake shores in the city of Como, corresponding to a water stage of 1.24 m (referred to hydrometric zero, 197.37 m asl, (Giuliani 
et al., 2016b). Management of the lake is constrained with a downstream ecological flow of 5 m3s-1 (Denaro et al., 2017). Operation 
therein aims at minimizing the irrigation deficit with respect to demand, and the yearly number of days with shoreline floods, 
considering a small regulation capacity (average inflow-to-capacity ratio of 6%, Anghileri et al. 2011). 

Lake Como collects water from the large Adda river catchment draining an area of 4438 km2, between Italy and Switzerland (90%, 
and 10%, respectively), and with an altitude range between 255 m asl, and 4000 m asl. The lake is laid within a temperate region, but 
the catchment has a cold climate in the mountain areas, and largely cryosphere-driven hydrology (Aili et al., 2019; Bombelli et al., 
2019; Peel et al., 2007). 

2.1. Data 

Meteorological data are used as input to the hydrological models (Poli-Hydro PH, and Topkapi-ETH TPK). The driving variables are 

Fig. 2. Flowchart of the methodology. Acronyms explained in the text.  
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temperature (T), precipitation (P) and geographic (topographically corrected) radiation (Rad). These data were collected for a control 
run (CR) period (2009–2018), as made available from the automatic weather stations (AWS) grid of ARPA Lombardia (the regional 
protection agency for the environment). Daily data are available from 13 AWSs, homogeneously distributed in the case study area. For 
model tuning, daily inlet discharges to Lake Como are used. Such data were provided by the Consorzio dell’Adda (a consortium 
managing the lake outlet) and obtained using inverse flow routing, starting from collected data at the hydrometer in Malgrate. 
Moreover, satellite images of snow-covered area (SCA) were collected for the entire CR period, every two weeks from March 14th to 
June 18th. These images were acquired by the sensor MODIS (Moderate Resolution Imaging Spectroradiometer) on board the satellite 
Terra. 

3. Methodology 

We focus upon the impact of hydrological changes, driven by prospective climate change, upon lake operation. Such impact was 
quantified using indexes of operation failure. For this purpose, we set-up two hydrological models (Poli-Hydro and Topkapi-ETH) to 
simulate the inlet discharge to the lake (necessary for benchmarking against future hydrological scenarios, also obtained using these 
hydrological models). An operational model of the lake is tuned against the historical operational data to closely mimicking historical 
operation patterns. 

Subsequently, we benchmark operation efficiency against prospective climate, and hydrology, under the proposed two-fold 
approach, namely by i) bottom-up B-U, obtained by making incremental changes to climate variables (ΔT, ΔP), i.e. with a step- 
wise approach providing a reference exposure space, and ii) top-down T-D, using physically-based climate scenarios, e.g. under the 
IPCC framework, locally downscaled. We calculate the failures in terms of irrigation deficit and the number of floods under the B-U 
approach and then benchmark against those under the T-D approach. Climate scenarios are taken from the outputs of global circulation 
models (GCMs) under the AR5/AR6 of IPCC. We use three GCMs for each AR, three representative concentration pathways (RCPs) for 
AR5, and four shared socioeconomic pathways (SSPs) for AR6, for a total of 21 scenarios. For each of these 21 scenarios, two reference 
periods (with length of thirty years as often required in hydro-climatological analysis) are considered, 2041–2070, half-century P1, 
and 2071–2100, end of century P2, for a total of 42 projected periods. Each of such climate scenarios is then operated using the two 
hydrological models, to obtain projected hydrological input to the lake (84 flow series). The methodology is presented in Fig. 2. 

3.1. Bottom-up and top-down approaches 

For each hydrological model, a control run inflow series (i.e. based upon climate during 2009–2018) is generated. From outflow 
discharge, and lake level, it is possible to verify the fulfilment of ecological flow (always fulfilled in practice in our simulations), 
irrigation demand (changing with the season, and available daily), and flood protection (i.e. days of flooding), at a daily scale. The 
incremental step B-U used for temperature is ΔTs = ± 1 ◦C, and a range of ΔT from − 2 ◦C to + 8 ◦C is considered. For precipitation, a 
multiplicative correction is applied consistently with the inherently positive nature of rainfall values, in the range of ΔP from − 15% to 
+ 20% is used, with an incremental step of ΔPs = ± 5%. The range of variation for T, P is chosen after a preliminary screening based 
upon the IPCC scenarios, for consistency. 

The inlet discharge to Lake Como is simulated for each B-U scenario (i.e. each combination of ΔT, and ΔP), with the two hydro-
logical models previously tuned (pH and TPK, see below). Then the same calculation is pursued for the top-down T-D approach, i.e. 
using climate scenarios as obtained from the GCMs, processed by the hydrological models pH/TPK. Here, 3 RCPs of the AR5, and 4 SSPs 
of the AR6 are used. Series of temperature and precipitation are obtained from 3 GCMs for the AR5, and from the corresponding 3 
GCMs for the AR6. 

Specifically, we use EC-Earth (Hazeleger et al., 2012), CCSM4 (Gent et al., 2011), and Echam6 (Stevens et al., 2013) from AR5, and 
EC-Earth3.0 (EC-Earth Consortium (EC-Earth), 2019), CESM2 (Danabasoglu et al., 2020), and Echam6.3 (Mauritsen et al., 2019) for 
the AR6. 

The RCP 2.6, RCP 4.5, and RCP 8.5 are used for the AR5, and SSP 2.6, SSP 4.5, SSP 7.0, and SSP 8.5 are used for the AR6. The daily 
series of T, P are downscaled locally (Groppelli et al., 2011a, 2011b), to obtain series of weather variables consistent with the hy-
drological model spatial resolution. Precipitation is downscaled with a stochastic space random cascade model, which reproduces the 
mean and the variance of the observed data, whereas temperature is downscaled using a correction with a mean monthly ΔT approach. 
Eventually, 21 scenarios are obtained and simulated with each hydrological model, to derive inlet discharges. Then, lake outflow, and 
level, are simulated via operation. The simulation is carried out for the period 2019–2100, but two representative periods are 
examined for each scenario, namely 2041–2070, P1, and 2071–2100, P2. 

Then, the so obtained 42 T-D scenarios (21 climate scenarios, 2 periods) are overlapped to the 2 exposure spaces (i.e. regular grid 
for B-U approach, for PH/TPK), based upon their average temperature and precipitation variation, with respect to the CR period. 

3.2. Hydrological models: Poli-Hydro and Topkapi-ETH 

Two hydrological models, Poli-Hydro PH and Topkapi TPK, were previously tuned in this area (Giudici et al., 2020; Fuso et al. 2021, 
respectively). PH and TPK use a regular grid for the simulation of the water budget, and for each cell, they need information on land 
cover and elevation. Both PH and TPK simulate snow, and ice melt using a mixed degree-day approach, based on average daily 
temperature, and short wave radiation (Aili et al., 2019). While TPK considers glacier melt basing on a temperature-index method 
(Pellicciotti et al., 2005), PH also simulates the dynamics of glaciers, calculating ice flow, and mass balance, and updating glacier 
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volume and area (Aili et al., 2019; Bombelli et al., 2019). PH uses a single soil layer, with isotropic conductivity (changing with soil 
saturation), whereas TPK considers three layers, and a vertical/horizontal conductivity. Potential evapotranspiration in PH is assessed 
via Hargreaves’ formula, whereas TPK uses Priestley-Taylor’s equation. To increase the reliability of future projections, it was 
important to attain a good calibration of the hydrological models and to properly represent the main flow components in the area, 
especially as given by seasonal snow melt (Krysanova et al., 2020). Accordingly, we pursue model tuning (i.e. for Degree-Day of snow) 
also based upon observed snow-melt dynamics. We use seasonal snow cover area (SCA), as estimated using MODIS images. 
Multi-targeted model tuning in cryospheric areas results in an accurate description of hydrological processes thereby, so better 
capturing the impacts of climate changes, especially with respect to temperature, which is the main driver of seasonal cryospheric 
melting (e.g. Soncini et al. 2017). In Table 1 we report the results of calibration of PH and TPK in the control period 2009–2018. 

3.3. Operational model 

The operational model simulates lake operation, i.e. daily releases, and, by solving a mass balance equation with the net inflow to 
Lake Como, the daily storages, and generates a set of Pareto optimal operations diversely balancing the two targets of flood control and 
water supply downstream. As a reference policy, we select the one more closely mimicking historical operation patterns, as observed 
from discharge data at the downstream hydrometer in Malgrate (Li, 2016). This is done to benchmark future operation performance 
against the presently adopted strategies, rather than against theoretically optimal ones (that are not implemented in practice). The set 
of optimal operating policies p* at the daily scale is: 

p∗ = argmin
p

J = [Jflo, Jirr ], (1)  

where p is a closed-loop control policy, that for each time step (day) determines water release over the next 24 h, based on the day of 
the year and lake level, parameterized as a Gaussian radial basis function. The term p* describes alternative regulation of the lake over 
the historical climate conditions. Jflo and Jirr are the annual average number of floods [d y-1], and the average squared daily water 
irrigation deficit [m3s-2d-1] (Castelletti et al., 2010, 2008; Denaro et al., 2017; Giuliani et al., 2015, 2016c; Giuliani and Castelletti, 
2016). Then, using the operational model, for each year of simulation of the CR period, the number of days with shoreline flooding, and 
the irrigation deficit are calculated. The value corresponding to the 90th percentile of the deficit/flood distribution (i.e. exceedance in 
one year out of ten) is used as a reference threshold to benchmark performance (success/failure), under both B-U and T-D approaches 
(Kasprzyk et al., 2013). The simulation with the operational model is also carried out for each scenario under the B-U approach, to 
define areas of failure of the system in the exposure space, in terms of irrigation deficit, or flood failure. Jflo and Jirr are calculated also 
for the T-D scenarios, to define the differences in failure between the B-U approach and the T-D one. 

3.4. Analysis of variance 

We explore possible sources of uncertainty in projections of climate change impacts upon the hydrology of the Lake Como 
catchment. Using a large number of climate scenarios and a multi-hydrological-model approach enlarges the potential range of future 
projections, thereby increasing uncertainty (Krysanova et al., 2020). To quantify the share of variability (uncertainty) brought by each 
of these components into the hydrological scenarios, we perform a three-way ANOVA (Analysis Of Variance, Aryal et al. 2019). We 
analyse monthly flows to exploit seasonal differences within flow formation processes and future projections thereby. Total (flow) 
process variance was expressed as: 

SST = SShydro + SSGCM + SSRCP,SSP + SSres. (2) 

Therein, SST is the total sum of squares, SShydro, SSGCM, and SSRCP,SSP are the sum of squares referred to the main effects of the 
hydrological model, GCM and IPCC scenario, respectively. The interaction effects and the sum of squares of residues are quantified into 
SSres, which correspond to the intrinsic variability of the flow variables. 

4. Results and discussion 

4.1. Hydrological projections under IPCC climate change scenarios: AR5/AR6 

In Figs. 3–5, we report the quantitative link between changes in precipitation, and discharge, distributed seasonally. An increase in 
total (yearly) precipitation results in an increase in total discharge, and vice versa, a decrease in precipitation leads to a reduction in 

Table 1 
Total bias and NSE for discharge and snow cover area for the period 2009–2018, for both hydrological models, Poli-Hydro and Topkapi.   

Discharge at inlet section [m3s-1] Snow covered area -SCA [%]  

2009–2018 2009–2018  

Bias [%] NSE monthly [-] Bias [%] NSE total [-] 
Poli-Hydro -3.25% 0.78 -6.68 0.75 
Topkapi -1.71% 0.86 7.85 0.69  
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inflows. However, almost all values are laid below the sector’s diagonal, i.e. discharge increases less (or decreases more) than pre-
cipitation (Fig. 3). This results from a growth in evapotranspiration, due to higher temperatures (e.g. Groppelli et al. 2011b). Although 
some scenarios show an increase in annual discharge, summer discharge always decreases (Fig. 4), and more consistently so under AR6 
scenarios, than under AR5 scenarios. 

Fig. 5 shows that, for a raise in annual discharge, fall discharge increases more than proportionally, and mainly so under AR5 
scenarios. Instead, for a decrease in the total discharge, some scenarios still exhibit a positive variation of fall discharge, and others 
display a little decrease in the latter. 

In response to a precipitation increase of + 10–15%, total annual discharge increases (Fig. 3). However, such an increase of 
+ 12–13% does not imply an increase in summer discharge (Fig. 4). Under negative changes in precipitation, lower yearly discharge is 
foreseen (Fig. 3). However, some scenarios still show fall discharge rising, due to an increase of precipitation in fall (Fig. 5 and Tables 2, 
3). 

Looking at the results of the ANOVA (Fig. 6, in relative form), under both AR5/AR6, and in both periods P1/P2, uncertainty in flow 
projection is governed more by climate projections, and internal variability, than by the choice of the hydrological model. 

Under AR5 the main source of uncertainty is due to the (choice of the) GCMs, and to the inner (meteo-hydrological) variability, 
both in P1 and P2 (Fig. 6, a and c). The projected precipitation under AR5 displays somewhat higher variability than under AR6 
(Fig. 3). Accordingly, inflows thereby are more largely variable. Under AR6, less variability of precipitation amount is detected with 
respect to AR5, mainly in P2, so in the rainy season, the uncertainty resulting from the GCM is smaller than those deriving from the 
internal variability of the meteo-hydrological process, intrinsically variable by nature (Fig. 6d). 

Especially at the end of the century in spring and summer, uncertainty is largely governed by the (choice of the) IPCC scenarios 
(RCPs/SSPs, Fig. 6, c and d). At mid-century, temperature increases similarly for all scenarios, while at the end of the century tem-
perature changes are very different across scenarios, and so the choice of a given scenario is crucial, and choice of GCM becomes less 
important. 

ANOVA results in absolute terms also indicate seasonal uncertainty of inflow projection (Fig. 7). Globally, the total uncertainty 
increases between P1 and P2, both for AR5 and AR6. October-November, and June-August, show the highest variance/uncertainty, 
likely due to the influence of the variability of precipitation, and temperature range, respectively. 

4.2. Vulnerability analysis  

Figs. 8 and 9 show the exposure space (B-U approach) and the results of the T-D approach using PH and TPK. B-U scenarios 
(circles), and T-D scenarios (AR5 and AR6), for two representative periods (P1, 2041–2070, and P2, 2071–2100) are reported. The B-U 
scenarios cover the entire exposure space and define the failure regions for number of floods (red region) and irrigation deficit (yellow 
region). The purple region includes the B-U scenarios, where both objectives display failure, and the blue points represent the region of 
success (combination of ΔT and ΔP, with no failure). T-D scenarios are overlapped with the same colours, with their proper values of 
ΔT and ΔP against the CR period. 

In the future overall, operation performance declines, in terms of irrigation/flood, for seasonal precipitation decrease/increase. 
Considering the B-U scenarios, some differences between PH and TPK can be seen. PH provides increasing (vs the CR) irrigation deficit 
for any temperature increase, and precipitation reduction, whereas TPK keeps an acceptable performance, for a small decrease of 
precipitation, and increase of temperature. Focusing upon differences between the B-U scenarios, and T-D scenarios, two main dif-
ferences can be pointed out. For Poli-Hydro, AR5 scenarios with an increase of precipitation between + 10% and + 15% provide (also) 
increased irrigation deficit, in contrast with the B-U scenarios. For Topkapi, likewise the failure in both objectives is observed mainly 
with a precipitation increase between + 5% and + 10%, both under AR5 and AR6 scenarios. Looking at Figs. 3 and 4, while annual 

Fig. 3. Average discharge variation vs average precipitation variation for each scenario of AR5 (blue) and AR6 (red) at the middle (full) and the end 
(empty) of the century, for Poli-Hydro (points) and Topkapi (squares) models. (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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precipitation, and annual discharge, increase, summer discharge decreases. Thus, (larger) irrigation deficits may still be expected, 
which were not highlighted in the B-U scenario. 

Moreover, for PH, flood failures are observed under AR6 scenarios, even with a temperature change of ca. + 6 ◦C, and a decrease in 
precipitation down to − 10%, which does not occur under the B-U scenarios. Flood failures under temperature increase higher than 
+ 5 ◦C (Figs. 8, 9) could derive from an increase in liquid precipitation at the expense of snowfall. Indeed, an increase in fall discharge 
is seen, in response to increasing liquid precipitation in fall (Fig. 5 and Tables 2, 3). Such results come as a consequence of the seasonal 
variability of climate (supplementary material, P and T), as projected by the adopted GCMs under the T-D approach. Such circum-
stances could bring criticalities in lake operation, undetected when using a B-U approach. 

To evaluate the link between climatic variables, seasonal discharges, and operation performance, a correlation analysis is per-
formed (Table 2 for PH, and Table 3 for TPK). We consider seasonal climate for CR, P1, and P2, for each GCM and RCP/SSP, and the 
corresponding inflows, and the final performance indexes (irrigation/flood). In the tables, the significant correlations (significance 
level of 95%, reported in the supplementary material) that are larger than 0.6, or smaller than − 0.6, are highlighted in bold. Looking 
at climate variables, as expected seasonal temperatures are highly correlated with yearly temperature, for both PH and TPK. Similarly, 
seasonal precipitation affects seasonal discharge. To assess the degree of correlation between climatic/hydrological variables, and 
flood failure, we use the daily flooding volume during floods ΔH, more linked to weather and hydrological conditions (rain/stream 
flows) than the number of days with flood. Our results show that irrigation deficit mainly correlates to summer discharge (− 0.62 for 
PH, − 0.84 for TPK), and less to summer temperature, and spring/summer precipitation, whereas floods are mostly affected by fall 
flows, especially for PH (0.62 PH, 0.57 TPK).  

Figs. 10 and 11 display the magnitude of failure in terms of irrigation deficit, and number of floods for PH and TPK, for the 42T-D 
scenarios here processed (for both PH and TPK). The light-blue circles display failure thresholds for the two objectives, calculated as 
the 90th percentile on the CR period series (2009–2018), as reported above. The threshold values are Qt = 801.3 m3s-1 for PH, and Qt 
= 1768.87 m3s-1 for TPK, and 52 days for PH and 56 days for TPK, for irrigation deficit and flood, respectively. 

Fig. 4. Average summer discharge variation vs average year discharge variation for each scenario of AR5 (blue) and AR6 (red) at the middle (full) 
and the end (empty) of the century, for Poli-Hydro (points) and Topkapi (squares) models. (For interpretation of the references to colour in this 
figure legend, the reader is referred to the web version of this article.) 

Fig. 5. Average autumn discharge variation vs average year discharge variation for each scenario of AR5 (blue) and AR6 (red) at the middle (full) 
and the end (empty) of the century, for Poli-Hydro (points) and Topkapi (squares) models. (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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Table 2 
Correlation analysis for the simulation with Poli-Hydro model. In bold significant values > 0.6 and < − 0.6.   

Qw Qsp Qsu Qa Qy Tw Tsp Tsu Ta Ty Pw Psp Psu Pa Py ID ΔH 

Qwinter  1.00  0.16  -0.08  0.02  0.31  0.35  0.22  0.28  0.23  0.34  0.42  -0.02  -0.05  0.04  0.24  -0.03  0.03 
Qspring    1.00  0.26  0.00  0.52  -0.26  -0.30  -0.28  -0.10  -0.30  0.19  0.75  0.12  -0.01  0.50  -0.59  0.07 
Qsummer      1.00  0.07  0.52  -0.24  -0.34  -0.45  -0.16  -0.39  0.03  0.26  0.77  -0.02  0.53  -0.62  0.09 
Qautumn        1.00  0.68  0.10  0.13  0.09  0.15  0.13  -0.05  0.04  0.17  0.94  0.62  -0.06  0.62 
Qyear          1.00  -0.06  -0.14  -0.19  0.05  -0.12  0.18  0.48  0.55  0.59  0.95  -0.61  0.47 
Twinter            1.00  0.57  0.61  0.35  0.79  0.04  -0.06  -0.10  0.08  -0.01  0.34  0.07 
Tspring              1.00  0.75  0.43  0.86  0.02  -0.27  -0.15  0.12  -0.11  0.47  0.06 
Tsummer                1.00  0.45  0.91  0.00  -0.22  -0.34  0.11  -0.20  0.55  0.06 
Tautumn                  1.00  0.57  0.06  -0.04  -0.04  0.11  0.05  0.12  0.06 
Tyear                    1.00  0.02  -0.19  -0.22  0.13  -0.11  0.49  0.08 
Pwinter                      1.00  0.03  0.03  -0.04  0.19  -0.11  -0.03 
Pspring                        1.00  0.16  0.03  0.56  -0.62  0.07 
Psummer                          1.00  0.01  0.62  -0.60  0.09 
Pautumn                            1.00  0.56  0.01  0.55 
Pyear                              1.00  -0.65  0.38 
Irrigation deficit                                1.00  -0.01 
ΔH flood                                  1.00  
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Table 3 
Correlation analysis for the simulation with Topkapi model. In bold significant values > 0.6 and < − 0.6.   

Qw Qsp Qsu Qa Qy Tw Tsp Tsu Ta Ty Pw Psp Psu Pa Py ID ΔH 

Qwinter  1.00  0.28  0.04  0.11  0.39  0.36  0.23  0.26  0.21  0.33  0.39  0.01  -0.04  0.06  0.25  -0.06  0.14 
Qspring    1.00  0.52  0.18  0.73  -0.20  -0.30  -0.30  -0.01  -0.28  0.23  0.82  0.22  0.02  0.61  -0.71  0.19 
Qsummer      1.00  0.28  0.75  -0.26  -0.39  -0.51  -0.15  -0.43  0.09  0.43  0.87  0.00  0.69  -0.84  0.19 
Qautumn        1.00  0.69  0.05  0.06  -0.01  0.14  0.06  0.00  0.13  0.33  0.89  0.73  -0.25  0.57 
Qyear          1.00  -0.07  -0.19  -0.27  0.05  -0.18  0.21  0.54  0.59  0.45  0.92  -0.74  0.45 
Twinter            1.00  0.57  0.61  0.35  0.79  0.04  -0.06  -0.10  0.08  -0.01  0.34  0.04 
Tspring              1.00  0.75  0.43  0.86  0.02  -0.27  -0.15  0.12  -0.11  0.48  0.04 
Tsummer                1.00  0.45  0.91  0.00  -0.22  -0.34  0.11  -0.20  0.58  0.01 
Tautumn                  1.00  0.57  0.06  -0.04  -0.04  0.11  0.05  0.11  0.09 
Tyear                    1.00  0.02  -0.19  -0.22  0.13  -0.11  0.51  0.05 
Pwinter                      1.00  0.03  0.03  -0.04  0.19  -0.11  0.02 
Pspring                        1.00  0.16  0.03  0.56  -0.60  0.14 
Psummer                          1.00  0.01  0.62  -0.65  0.16 
Pautumn                            1.00  0.56  -0.01  0.48 
Pyear                              1.00  -0.67  0.44 
Irrigation deficit                                1.00  -0.12 
ΔH flood                                  1.00  
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Results show that the most critical condition in terms of irrigation deficit is given under AR6 scenarios (with ΔT of approx. +6 ◦C), 
with the highest values for TPK than for PH. Concerning flood failure, PH, and TPK provide similar outcomes with respect to the AR5 
scenarios. The main differences occur between AR5 and AR6, since TPK exhibits flood failure mainly under AR5 scenarios. The 
threshold values for the two objectives are calculated also considering the observed inflow data during CR 2009–2018, resulting in Qt 
= 1212.25 m3s-1 for irrigation deficit, and 51 days of shoreline flood. 

Fig. 6. Variance fraction of different sources of uncertainty. (a) AR5, mid-century. (b) AR6, mid-century. (c) AR5, end-of-century. (d) AR6, end- 
of-century. 

Fig. 7. Absolute uncertainty for 3 GCMs. (a) AR5, mid-century. (b) AR6, mid-century. (c) AR5, end-of-century. (d) AR6, end-of-century.  

F. Casale et al.                                                                                                                                                                                                         



Journal of Hydrology: Regional Studies 38 (2021) 100973

11

Thresholds for flood failure days is almost the same for PH/TPK. Instead, the irrigation failure threshold Qt is quite different for PH 
and TPK, and the value from observations is an average between the two, which depends clearly upon the different flow dynamics as 
depicted by the two models (inflow values, and flow volumes in time, affecting reservoir’s management). However, under future 
climate projections, we detected large failures, not comparable with the historical ones. Accordingly, the disturbance given by using 
hydrologically modelled flows is lower than the changes resulting from climatic scenarios, e.g. the loss of effectiveness of the current 
operation policies in the future is higher than the perturbation caused by the (choice of the) hydrological model. 

5. Conclusions 

The bottom-up approach pursued here, relatively easy to implement, is largely used in climate change impact assessment exercise 
(Brown et al., 2012; Culley et al., 2016; Prudhomme et al., 2010), namely to provide the sensitivity of a system to the changing climate, 
and possibly to propose a simplified range of future projections to decision-makers. The use of physically-based scenarios (T-D 
approach) implies larger work, to collect GCMs projections, and subsequently downscale them. A large number of T-D scenarios is 
necessary and, as a consequence, one also needs to carry out time-consuming hydrological simulations for each scenario (however, 
several simulations are necessary also for the B-U approach). Moreover, the choice of the GCMs ensembles may influence the results of 

Fig. 8. Failure regions considering synthetic scenarios and the failure for climate change scenarios. Here, the simulation is done with Poli-Hydro 
model. Red represents the flood failure, yellow the irrigation demand failure, blue no failure and purple both failures. Squares represent AR5 
scenarios, whereas diamonds provide AR6 scenarios. Full squares/diamonds represent the 2041–2070 period, and empty squares/diamonds 
represent the 2071–2100 period. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of 
this article.) 

Fig. 9. Failure regions considering synthetic scenarios and the failure for climate change scenarios. Here, the simulation is done with the TPK 
model. Red represents the flood failure, yellow the irrigation demand failure, blue no failure and purple both failures. Squares represent AR5 
scenarios, whereas diamonds provide AR6 scenarios. Full squares/diamonds represent the 2041–2070 period, and empty squares/diamonds 
represent the 2071–2100 period. (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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the assessment (Brown et al., 2012). 
In this work, we demonstrate that the results of a T-D approach highlights some criticalities of the system that the B-U approach 

does not display. This is due to the non-linear influence of climate change as projected, upon seasonality and amount of precipitation, 
snow accumulation and melt thereby (also mediated by temperature), and modified frequency/extent of flood/drought events. 

For instance, changing in timing, and seasonality of precipitation is an important aspect to consider in hydrological projections (for 
its effect on discharge), that homogeneous (linear) changes in the average values cannot identify (Christensen and Lettenmaier, 2007; 
Ecmwf, 2019; Quinn et al., 2018). In the supplementary material to this paper, seasonal variation of temperature, and precipitation 
and the effect upon inflow at Lake Como is reported. The use of a T-D scenario allows to explore physically based, complex scenarios of 
climate variability, and the impact upon hydrological systems (Manning et al., 2009), and therefore the gain of information obtained 
by considering IPCC (or anyway, physically based) scenarios for proper climate change impact assessment, and decision making can be 
highlighted. The results of our ANOVA test are coherent with other studies (see e.g. Wiley and Palmer, 2008; Anghileri et al. 2011; 
Aryal et al. 2019), in that they identify in the (choice of) any given GCM, the largest source of uncertainty in the short term. Fig. 6 here 
however shows that the influence of GCM choice is less relevant under AR6 than under AR5. This may indicate that the (increased) 
consistency of global circulation modelling under AR6 may result in less spreading of climate/hydrological projections under the same 
SSP. This is a desirable feature when it comes to the reduction of uncertainty in the assessment of hydrological projections, and 
subsequent operation performance. 

To further improve this work, one may consider using more climate models (including e.g. regional models), and more hydrological 
models. Albeit using only two models does not provide a full multi-model analysis, it may increase our confidence in the projected 
hydrological conditions, and highlight the contribution of the model’s choice to the uncertainty of projections (Krysanova et al., 2020). 
Also, in pursuing the T-D approach, different downscaling approaches may be explored, especially critical for precipitation. The 
downscaling method adopted here is statistical (see. Groppelli et al. 2011b, 2011a) but other methods may be considered. On the other 
side, the B-U approach may be revised as well, to include non-linearity of the system. 

Also, a refined evaluation of the future potential irrigation demand may be done. In the future, under climate change scenarios, an 
increase of evapotranspiration, as driven by the increase of temperature, and a reduction of summer precipitation in the irrigated area 
of Po Valley is expected, with a consequent potential increase of water demand for crop irrigation (Bocchiola, 2015). For this reason, 
the irrigation deficit from Lake Como could be higher. Eventually, one potential solution could be a change of crop from a high water 
demanding to a less water demanding species. On the other hand, re-optimization of the Lake Como dam operation could help to 

Fig. 10. Value of the failure in terms of irrigation deficit and number of floods, for Poli-Hydro, for 42 scenarios (each GCM, each scenario, for AR5 
and AR6, at the middle and at the end of the century). Empty points for AR5 and full points for AR6. In light blue is reported the value of the failure 
for the CR period. (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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reduce this problem (Culley et al., 2016), and further effort may be devoted thereby. 
Our results here, albeit preliminary and amenable to improvement, notwithstanding provide a possibly dependable tool to assess 

vulnerable lake operation under climate change during the XXI century, especially when adopting a T-D approach as we did here, and 
to support the implementation of adaptation strategies from policy makers. Also, the template we propose may be applied to other 
lakes/reservoirs within the Alps, and other areas, to preliminarily assess water management under climate change henceforth. 
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Kloster, S., Kracher, D., Kinne, S., Kleberg, D., Lasslop, G., Kornblueh, L., Marotzke, J., Matei, D., Meraner, K., Mikolajewicz, U., Modali, K., Möbis, B., Müller, W. 
A., Nabel, J.E.M.S., Nam, C.C.W., Notz, D., Nyawira, S.S., Paulsen, H., Peters, K., Pincus, R., Pohlmann, H., Pongratz, J., Popp, M., Raddatz, T.J., Rast, S., 
Redler, R., Reick, C.H., Rohrschneider, T., Schemann, V., Schmidt, H., Schnur, R., Schulzweida, U., Six, K.D., Stein, L., Stemmler, I., Stevens, B., von Storch, J.S., 
Tian, F., Voigt, A., Vrese, P., Wieners, K.H., Wilkenskjeld, S., Winkler, A., Roeckner, E., 2019. Developments in the MPI-M earth system model version 1.2 (MPI- 
ESM1.2) and its response to increasing CO2. J. Adv. Model. Earth Syst. 11, 998–1038. https://doi.org/10.1029/2018MS001400. 
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