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Abstract Existing major reservoirs in California, with average age above 50 years, were built in the
previous century with limited data records and flood hazard assessment. Changes in climate and land
use are anticipated to alter statistical properties of inflow to these infrastructure systems and potentially
increase their hydrological failure probability. Because of large socioeconomic repercussions of
infrastructure incidents, revisiting dam failure risks associated with possible shifts in the streamflow regime
is fundamental for societal resilience. Here we compute historical and projected flood return periods as a
proxy for potential changes in the risk of hydrological failure of dams in a warming climate. Our results show
that hydrological failure probability is likely to increase for most dams in California by 2100. Noticeably, the
New Don Pedro, Shasta, Lewiston, and Trinity Dams are associated with highest potential changes in
flood hazard.

Plain Language Summary Dams are critical manmade infrastructure that provide resilience
against extremes (e.g., droughts and floods) and regulate water resources. In 2017, California experienced
a series of flooding events, which triggered incidents such as structural failure of the Oroville Dam's spillway.
Because of the large social and economic impacts of such incidents and given the major dams in California
have an average age of above 50 years, it is important to evaluate the risk of failure of dams over a
planning period in the future. In this study, we inspected the possible impacts of climate change on the
future flooding hazard for several major dams in California. Here we show that in the warmer future
climate, the risk of dam failure most likely increases for most of the major dams in California. The insights
gained from this study highlight the important role of adaptation strategies for the operational management
of aging dams in a changing climate, together with adequate and timely maintenance.

1. Introduction

In February 2017, a series of extreme precipitation events generated floods that led to evacuation of about
200,000 residents, economic damages of around $1.5 billion, and five fatalities over northern and central
California (National Climate Data Center, 2017; Vahedifard et al., 2017). One of the notable impacts of this
incident, which occurred after 5 years of an unduly prolonged drought (e.g., AghaKouchak et al., 2014), was
the Oroville Dam spillway failure. The structural failure was triggered by extreme flows released through the
spillway that eroded the concrete lining and created a hole in the main spillway (Vahedifard et al., 2017).
Dams are constructed to manage the temporal and spatial variation in the natural regime of water resources
(e.g., Ehsani et al., 2017; Ho et al., 2017) and provide several societal benefits (e.g., flood control, hydropower
energy, water for irrigation, livestock, and drinking; Federal Emergency Management Agency, 2016). The
American Society of Civil Engineers' report card in 2017, however, estimated that the average age of dams
in the United States is about 59 years with an overall score of “D,” which suggests many dams are in a poor
to fair state (American Society of Civil Engineers, 2017). Majority of these dams were constructed in the pre-
vious century with limited observation data and with flood hazard assessments based on the natural water
regime at the time (Ho et al., 2017). Therefore, their construction did not incorporate the current and possi-
ble future changes in the hydrological condition. Consequently, the original dam design does not reliably
account for changes in potential exposure of these important infrastructure assets to flood hazards in the
future (Willis et al., 2016).

Several studies have forewarned of intensification of hydrological cycle under the projected warming climate
(e.g., Voss et al., 2002; Wang et al., 2017), which promotes more frequent extreme events, such as heavy
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precipitation and flood events (e.g., Intergovernmental Panel on Climate Change, 2012; Milly et al., 2005,
2002), and prompts cascading hazards such as wildfire‐precipitation‐flooding (AghaKouchak et al., 2018).
In general, air holds higher water vapor capacity in a warmer climate, which in turn can intensify precipita-
tion events and increase flood risk (Allen & Ingram, 2002). Response of streamflow to precipitation depends
on different factors, such as spatial distribution of precipitation event, temperature, catchment size, and land
use land cover change (Li et al., 2018; Sharma et al., 2018; Wasko & Sharma, 2017). However, potential
changes in the intensity and frequency of precipitation events will change flooding hazard (Moftakhari
et al., 2017; Sadegh et al., 2018a). Different studies have projected an increasing trend in river flood hazard
under a warmer climate condition (Arnell & Gosling, 2016; Dankers et al., 2014; Hirabayashi et al., 2013;
Kundzewicz et al., 2014; Mallakpour & Villarini, 2015; Slater & Wilby, 2017; Winsemius et al., 2016), which
is anticipated to change failure risks of water infrastructure systems. For instance, Winsemius et al. (2016)
projected that global flood risk could be amplified by a factor of 20, due to global warming, by the end of this
century. Das et al. (2013) estimated a 30–100% increase in the magnitude of annual maximum streamflow in
California by the end of the 21st century.

This study aims to examine possible changes in flood hazard under the projected climate change using
100‐year flood concept for major dams over California. Recently, Ho et al. (2017) identified challenges that
specifically hinder the role, operation, and functionality of dams in the future, indicating that impacts of
climate change on dams' potential risk of failure have not been sufficiently assessed. Understanding the
impacts of future hydrometeorological changes on the dams, hence, is one of the challenges yet to be
addressed. The hydrological driver of dam failure, in conjunction with the structural and mechanical fail-
ures, is attracting more attention as incidents such as Oroville Dam spillway failure impose large economic
and social burden (e.g., Chen et al., 2017; Evans et al., 2000; Lane, 2008). The failure of a dam infrastructure
can be attributed to a combination of factors (e.g., the age of dam, poor maintenance, flooding, land use land
cover change, mechanical malfunctions; Evans et al., 2000). In this paper, we focus on hydrologic failure
probability that relies on the hazard component of the overall risk (here changes in the flood frequency
and magnitude). It should be noted that hydrological failure probability does not necessarily indicate physi-
cal failure of a structure. However, the likelihood of failure of a water infrastructure is generally expected to
increase because of more frequent exposure to extreme events.

Critical decisions need to be made on maintenance, modification (e.g., repair and reinforcement), or even
removal of aged dams and their structural components to ensure adaptation to and resilience against future
intensifying hazards. This decision‐making process is informed by scientific modeling and discovery. In this
paper, we investigate the impact of climate change on flood risks for major dams in central and northern
California using 10 global climate models (GCMs) from the Fifth Coupled Model Intercomparison
Project (CMIP5).

2. Data

This study focuses on 13 major dams over northern and central California with average age of 54 years (aver-
age built year of 1964) with a total capacity of 22 km3 and total drainage area of 50,780 km2 (Table S1). Our
flood hazard analysis for each of the major dams is based on simulated daily routed reservoir inflows (m3/s)
for the period of 1950–2099 (Figure S1). We used gridded simulated runoff (mm/day) with a resolution of
0.0625° × 0.0625° (approximately 6 km) from 1950 to 2099 to assess the impacts of climate change on the
spatial flood hazard over northern and central regions of California. Both these state‐of‐the‐art data sets
(routed inflow to major dams and gridded runoff) are based on 10 GCMs from the CMIP5 (Table S2) for
two representative concentration pathways (RCPs): RCP4.5 (which includes measures for stabilization of
CO2 concentrations) and RCP8.5 (business as usual; Pierce et al., 2016, 2015).

Different studies have documented that climate model simulations are subjected to biases and uncertainties
(e.g., Liu et al., 2014; Mehrotra & Sharma, 2016, 2015). However, while climate models exhibit a wide range
of uncertainty that can influence the estimation of flood hazard, they are means to provide valuable infor-
mation about possible future hydrological conditions (e.g., Giuntoli et al., 2015). In this study, we employed
10 GCMs that were previously selected from the 32 different CMIP5 models by the Climate Action Team
ResearchWorking Group of the Fourth California's Climate Change Assessment in consultation with differ-
ent scientist and organizations (e.g., Department of Water Resources, the California Energy Commission,
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Scripps Institution of Oceanography; Climate Change Technical Advisory Group, 2018; California
Department of Water Resources, 2015). The climate action team indicated that these 10 GCMs cover a wide
range of possible conditions that the state of California may confront in the future. Using the recommended
10 models alongside two RCPs provides a robust projection of the magnitude and direction of change in the
flood hazard. We use 1950 to 2005 as the historical baseline period and 2020 to 2099 as the projection period.

Both simulated reservoir inflows and gridded total runoff data sets are developed at the Scripps Institution of
Oceanography, University of California San Diego. They used bias‐corrected temperature and precipitation
from the localized constructed analogs statistical downscaling technique (Pierce et al., 2014) to force the vari-
able infiltration capacity hydrological model (Lohmann et al., 1996, 1998) to obtain different hydroclimate
variables such as total runoff and inflow to the reservoirs (details in Pierce et al., 2016, 2014). These data sets
are available through the Cal‐Adapt website (https://cal‐adapt.org), and the future climate‐related strate-
gies, policies, and regulations in California are developed based on these climate model outputs generated
by the Fourth California's Climate Change Assessment workforce (www.ClimateAssessment.ca.gov).

3. Method

In this study, we use the annual block maximum sampling method to extract the maximum daily value in
each year for the simulated routed inflows and gridded runoff. We calculate the annual maximum flow
for each of the 10 models and two RCPs for two periods: the historical period (1950–2005) and the projected
period (2020–2099). Then, for each of the routed inflows and gridded runoff pixels, we fit the generalized
extreme value (GEV) distribution to estimate the flood frequency distribution. The GEV distribution has
been extensively used in the hydroclimatological studies as a statistical model to describe the behavior of
extreme events (Coles, 2001; Gilleland & Katz, 2016; Katz et al., 2002; Villarini et al., 2009). We also analyze
the best fit, according to maximum likelihood, to the inflows to all major dams using 15 different probability
distributions and show that GEV is selected as the superior model for an absolute majority of the cases
(Tables S5–S16).

Here we use the maximum likelihood method to estimate the location, shape, and scale parameters of the
GEV distribution (Gilleland & Katz, 2016). To assess whether or not the GEV distribution adequately fits
the data, we use three goodness‐of‐fit measures, namely, the Kolmogorov‐Smirnov, Anderson‐Darling,
and Cramer‐von Mises tests. For the routed inflows to the reservoirs, the GEV distribution adequately fitted
the annual maximum flow based on the p values for all three goodness‐of‐fit tests, computed through the
Monte Carlo approach (Table S3). Accordingly, the null hypothesis cannot be rejected, and the GEV distri-
bution appropriately describes the data.

Using the extreme value theory, we estimated the percentage change between flood magnitude with a
100‐year return period (T = 1/p, where exceedance probability p = 0.01) in the historical and projection
periods as an indicator of change in the flood hazard. We also compute changes in the return period corre-
sponding to historically 100‐year flood as another indicator of change in the flood hazard. We adopt the
100‐year flood (peak flow with a 1% annual chance of occurrence) concept not only because several studies
have used this index to quantify flood hazard (e.g., Arnell & Gosling, 2016; Hirabayashi et al., 2013; Quintero
et al., 2018; Wobus et al., 2017) but also because different agencies in the United States, historically and com-
monly, use the 100‐year flood level to conduct flood risk assessment (e.g., Dankers et al., 2014; Federal
Emergency Management Agency, 2014; Morss et al., 2005).

Finally, we use the “failure probability” concept as a proxy to measure the impacts of future possible changes
in hazardous climatic conditions on different dams. The failure probability concept, which quantifies the
likelihood of experiencing a flood with a given magnitude at least once within a given design lifetime of a
structure, is of interest to the engineering design of hydrological infrastructures (Moftakhari et al., 2017;
Read & Vogel, 2015). The failure probability for a specified design lifetime N is given by

FP X≥xTð Þ ¼ 1− 1−
1
T

� �N

(1)

where T is return period and FP signifies the probability of exceeding a designed event (xT) at least once in
N years. The failure probability of the projected period is compared with that of the historical period in order
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to provide an indication of the impacts of expected changes in the future flood hazard. Note that hydrological
failure probability is related to the flood hazard component of the risk. Physical failure analysis requires
additional mechanistic modeling typically used in structural and geotechnical engineering with forcings
from hydrological analysis.

4. Results and Discussion

First, we analyze the percent change in the magnitude of a 100‐year flow in the projected period relative to

the historical period (Future−Historical
Historical ×100) spatially distributed over central and northern California using

gridded simulated runoff (Figure 1). We use this metric as a proxy to investigate the direction of changes
in the flood hazard in the future. Overall, there is a significantly higher number of pixels showing at least
a slight increase in the multimodel median of the 100‐year flow in the projection period. Note that relative
change is computed for each model separately, and then the median of all models for each grid is calculated.
This reveals that the direction of change in the frequency of high‐flow events is likely to increase over the
study area. This increasing pattern is expectedly more pronounced under the RCP8.5 (Figure 1b). The most
noticeable change is the increasing pattern in peak runoff over the eastern side of our study domain extended
over the Sierra Nevada mountain range. This finding is in agreement with that by Das et al. (2011), who pro-
jected an increasing trend in the magnitude and frequency of a 3‐day flood over the Sierra Nevada region.

There are several possible explanations for this projected change in the magnitude of the 100‐year flow.
Studies that investigate possible flood‐generating mechanisms have indicated that most of the flooding
events in California, historically, occurred during the winter season due to atmospheric river systems and
in spring due to snowmelt (e.g., Berghuijs et al., 2016; Das et al., 2011; Mallakpour & Villarini, 2016;
Villarini, 2016). However, climate warming is changing the hydrology of California, so that temperature
in winter and spring is likely to increase, resulting in earlier snowmelt, decline in snowpack, and more pre-
cipitation falling as rain and less falling as snow (e.g., Das et al., 2011; Dettinger & Cayan, 1995; Hidalgo
et al., 2009; Stewart et al., 2005). Therefore, while the annual average daily discharge is projected to remain
almost similar to that in the historical period, magnitude of the annual maximum discharge is projected to
increase (Mallakpour et al., 2018). Recently, Li et al. (2017) also have shown that the future contribution of
snow to runoff is likely to decline in California. Thus, most of the changes we projected in flood peaks may
be attributed to earlier snowmelt, rain‐on‐snow events, and more precipitation falling as rain, resulting in
possible higher peak flow events. Impacts of the projected changes in the magnitude of the 100‐year flow
over the Sierra Nevada bears important implications for major dams in California as this region is the main
source of water for most of the major dams in central and northern California.

Figure 1. Percentage changes between multimodel median of gridded simulated runoff associated with a projected
100‐year flood level under (a) RCP4.5 and (b) RCP8.5 relative to the historical period (1950–2005) over northern and
central California. The blue (red) color reveals locations that magnitude of the 100‐year flood projected to increase
(decrease) in the future. The color bar shows the percentage difference (%) in the 100‐year flood level in the projection
period relative to the historical period.
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We now investigate the flood hazard changes for each of the 13 major dams in our study area through pro-
jected changes in the return periods that correspond to a 100‐year flood in the historical period. Figure 2
shows the projected return periods associated with what historically used to be a 100‐year flood event for
each of the major dams in our study. Red dots signify multimodel median projected return periods of histor-
ical 100‐year floods, and interquartile ranges display variability observed between different climate model
projections. What historically was a 100‐year flood in the 13 dams of this study is projected to adopt a return
period of between 30 and 95 years for RCP4.5 and 20 and 85 years for RCP8.5 as characterized by multi‐GCM
median (Figure 2). This implies that historical estimations of a 100‐year flood underestimate what might
happen in the future, with more pronounced changes under the RCP8.5 (Figure 2, right). It is also note-
worthy that majority of individual climate model results are in agreement with the overall direction of
change in the return period (Figure S8). In general, a larger number of climate models show that the fre-
quency of flood events with magnitude equal to a historical 100‐year flood is likely to increase in the future.
This consistency in the direction of change of the return period, as mentioned earlier, is higher under the
RCP8.5 with smaller interquartile ranges. Therefore, there is a greater agreement between climate models
that the peak flow events are expected to increase under high greenhouse gas concentration levels.

For majority of our studied dams, the historical 100‐year flood events are more frequent. The highest change
in return period can be found in the northern part of our study region, where the Shasta, Lewiston, and
Trinity Dams are located. For these dams, the historical 100‐year flood is projected to become a 30‐year
(20‐year) flood under RCP4.5 (RCP8.5). Overall, these results point to an increase in the frequency of peak
flow events entering the reservoirs over northern and central California in the future. In other words, what
used to be a flood with a 1% chance of occurrence in any given year is going to occur more frequently, with a
chance of occurrence as high as 5% (5 times more likely), depending on the location of the dam. Note that
these results are associated with statistical and GCM modeling uncertainties, among others (e.g., Sadegh
& Vrugt, 2013).

The 100‐year flood event in the historical (projection) period is estimated through fitting a GEVmodel to 56
(80) years of data. The length of data and choice of distribution can impose uncertainty on the return period
and associated flood level estimations (Sadegh et al., 2017). We analyze uncertainty ranges of a 100‐year
flood event for the Oroville Dam for both the historical and projection periods, as an example, using
Bayesian inference. Figures S2 and S4 display posterior distribution of GEV model parameters in the histor-
ical and projection periods, respectively, which in turn translate to 100‐year flood level distributions in
Figures S3 and S5 (Jeremiah et al., 2011; Smith et al., 2010). The 95% confidence interval for the 100‐year
flood level in the historical period for the Oroville Dame ranges between 3,720 and 4,190 m3/s. This

Figure 2. Projected return periods (year) under (a) RCP4.5 and (b) RCP8.5 corresponding to a 100‐year flood event in the
historical period for 13 major dams over California (TR = Trinity; LE = Lewiston; SH = Shasta; BL = Black Butte;
OR = Oroville; FO = Folsom; HO = New Hogan; ME = New Melones; DO = New Don Pedro; EX = New Exchequer;
BU = Buchanan; HI = Hidden; FR = Friant). The black horizontal dashed line represents the 100‐year flood level. The
dark red dots represent the projected multimodel median return periods corresponding to a 100‐year flood event in the
historical record. The heights of the black vertical bars represent the interquartile range (between the 75th and 25th
percentiles) as an indicator of uncertainties associated with the use of different climate models.
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interval for the projection period is relatively more confined, ranging between 4,580 and 4,895 m3/s, given
the longer data (that could provide more information) to constrain the GEV model parameters (Sadegh
et al., 2018b). We repeat this analysis with two other models, namely, inverse Gaussian and loglogistic, to
analyze the impacts of distribution choice on the flood levels. These two distributions were selected
among top models when fitting 15 distributions to the inflows of all dams and RCPs (Tables S4–S16).
Figures S2 and S4 present posterior distribution of 100‐year flood levels derived with inverse Gaussian
and loglogistic models for historical and projection periods, respectively. Flood level estimates are clearly
dependent on the choice of distribution. For example, the 95% confidence interval for the inverse
Gaussian distribution ranges between 4,630 and 4,740 m3/s in the projection period for RCP4.5, whereas
this maps to 5,080 to 5,185 m3/s for the loglogistic distribution (Figure S5). Acknowledging these
uncertainties, the 100‐year flood events are most likely to become more frequent in the future for each
model realization from the Bayesian analysis.

We then use the “failure probability” concept as a proxy to assess future changes in the flood hazard for each
dam. Failure probability curves in Figures 3a and 3b show the probability of observing a flood with the
magnitude of what historically used to be a 100‐year event at least once over the specific design lifetime
(i.e., 10, 20, 30, …). Under the RCP4.5 scenario, there is only one dam (Folsom Dam) with the hydrological
probability of failure over its lifetime remaining almost similar to the historical baseline (i.e., the 100‐year
flood event is not changing; Figure 3a). The risk of hydrological failure as a response to flood hazard for other
dams is projected to increase. Among them, the Shasta Dam alongside the Lewiston and Trinity Dams
experiences the highest changes in the hydrological failure probability.

The projected hydrological failure probability under RCP8.5 is even more pronounced, as compared with
that under RCP4.5 (Figure 3b). Also, for most of the dams, the rate of increase in the probability of failure
(slope of the failure probability curve) over the design lifetime is relatively higher under RCP8.5. For
instance, under RCP4.5, the upper limit for risk of failure at the 100‐year return level over a 50‐yeardesign
lifetime is expected to be 0.80, which is projected to elevate to 0.9 under RCP8.5. Seven dams (i.e., New
Don Pedro, Shasta, Lewiston, Trinity, Friant, New Melones, and New Exchequer Dams) are projected to
have a risk of hydrological failure exceeding 0.80 for the 100‐year flood event over a 50‐year design lifetime
under RCP8.5. Note that a hydrological failure probability of 0.8 is associated with observing a 100‐year flood
event at least once in the design lifetime of 50 years and does not necessarily translate to structural failure of
the dam. Based on the RCP8.5 scenario, the highest risk of failure at any given design lifetime is attributed to
the New Don Pedro, Shasta, Lewiston, and Trinity Dams. For these dams, the failure probability at the
100‐year return level on the horizon of a 50‐year design lifetime is projected to increase by about 140%
relative to the historical baseline (Figure S9).

Figure 3. The projected hydrological failure probability corresponding to the historically 100‐year flood over different
design lifetimes (i.e., 10, 20, 30, …, 100) for each of the dams under (a) RCP4.5 and (b) RCP8.5. The dashed black curve
represents the baseline historical failure probability. Curves are color coded to represent different dams (TR = Trinity;
LE = Lewiston; SH = Shasta; BL = Black Butte; OR = Oroville; FO = Folsom; HO = New Hogan; ME = New
Melones; DO = New Don Pedro; EX = New Exchequer; BU = Buchanan; HI = Hidden; FR = Friant). Locations of these
dams are demonstrated in Figure S1.
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Finally, the structural failure of the Oroville Dam occurred as a result of combination of the 2017 severe
flood event and dam's poor structural condition (i.e., poor quality of spillway concrete). Our results show
there are other major dams in California that are under even higher potential flood risks relative to the
Oroville Dam. Indeed, six (eight) dams have a higher failure probability due to hydrological forcing
(regardless of structural integrity of the infrastructure) than has the Oroville Dam under RCP4.5
(RCP8.5). Three of these higher‐risk dams, namely, the New Don Pedro, Shasta, and Trinity Dams, together
account for almost 50% of the total reservoir capacity in our study and are important hydropower sources.
They collectively provide about 1,019‐MW electrical power to California (Tarroja et al., 2016). Tarroja et al.
(2016) estimated that “spilled volume” is projected to increase for the aforementioned three dams. This is
the period that a reservoir reaches its full capacity and water needs to be evacuated through the main
and/or emergency spillway. While the variability of inflow to the reservoirs is likely to increase, total inflow
to the reservoir is projected to remain almost similar to that in the historical period (Tarroja et al., 2016).
We argue in this study that the frequency of extreme inflow to the reservoirs' lakes likely increases in a
warming future.

5. Conclusion

We investigate possible impacts of climate change on future flooding hazard for several major dams over
central and northern California. We use routed daily inflow data into 13 major dams from 10 GCMs under
RCP4.5 and RCP8.5. We compute historical and projected return periods to quantify changes in the hydro-
logical failure probability of dams in a warming climate. Our results point to amplification of flood hazard in
the future that can be attributed to increases in the frequency of extreme flows in a warming climate. Indeed,
our results reveal that the historical 100‐year flood event is 5 times more likely in the future under the
“business as usual” RCP (RCP8.5). We argue that in a warming climate, the risk of hydrological failure of
major dams in California is likely to increase. Moreover, uncertainty associated with shorter return period
events imposed by climate models is high, which postures a major uncertainty for short‐term operations
and long‐term planning of major dams in California.

Increase in flood hazard is already observed in many water infrastructure systems in California (e.g., levee
and dam), challenging their proper management and maintenance. During the California's 2017 flooding
events, several major reservoirs experienced high‐risk conditions with storages above 85% of their total
capacity, which could induce catastrophe if a structural problem had happened. The Oroville Dam's spillway
failure, which prompted evacuations of about 200,000 people and imposed a loss of several hundred million
dollars, is just an example of what could occur. Our results demonstrate that the New Don Pedro, Shasta,
Lewiston, and Trinity Dams are associated with highest potential changes in flood hazard in a
warming climate.

This work highlights the importance of developing and modifying adaptation strategies against climate
change for these aged dams' operation and management, alongside adequate and timely maintenance. In
general, any adaptation effort needs to incorporate a strategy that maximizes storage to meet water demands
during low‐flow season and ever‐extending drought periods while generating maximum hydropower energy
and minimizing flood risks. This is challenging in an era of severe, frequent, and long droughts (e.g., Port &
Hoover, 2011); intensified heatwaves (Mazdiyasni & AghaKouchak, 2015; Raei et al., 2018); and amplified
precipitation severities (Ragno et al., 2018). Jeon et al. (2015) projected an increasing trend in the atmo-
spheric river events in California that are capable of generating short and intense extreme rainfall, which
in turn can cause flash flooding events that need special attention in dam management and operation
(e.g., releasing water before or during a flood event).

The hydrological cycle is projected to change significantly in a warmer climate, and hence, modified
mechanisms are needed to account for such changes. The traditional stationarity assumption (constant
temporal flood hazard; Sadegh et al., 2015) is likely to result in an underestimation of the dam hydrological
failure probability. Thus, there needs to be a continued awareness of climate, dams' structural integrity, and
water level conditions by water managers to prevent catastrophic events and to ensure infrastructure resili-
ence. Insights gained from potential hydrological failure probability is one of the means by which water
managers and decision makers can set possible adaptive strategies to ensure safety and functionality of dams
to cope with the future climatic changes.
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