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Abstract Global warming is expected to increase the amount of atmospheric moisture, resulting in
heavier extreme precipitation. Various studies have used the historical relationship between extreme
precipitation and temperature (temperature scaling) to provide guidance about precipitation extremes in a
future warmer climate. Here we assess how much information is required to robustly identify temperature
scaling relationships, and whether these relationships are equally effective at different times in the future in
estimating precipitation extremes everywhere across North America. Using a large ensemble of 35 North
American regional climate simulations of the period 1951-2100, we show that individual climate
simulations of length comparable to that of typical instrumental records are unable to constrain temperature
scaling relationships well enough to reliably estimate future extremes of local precipitation accumulation for
hourly to daily durations in the model’s climate. Hence, temperature scaling relationships estimated from
the limited historical observations are unlikely to be able to provide reliable guidance for future adaptation
planning at local spatial scales. In contrast, well-constrained temperature scaling relations based on multiple
regional climate simulations do provide a feasible basis for accurately projecting precipitation extremes of
hourly to daily durations in different future periods over more than 90% of the North American land area.

Plain Language Summary Global warming is expected to increase the amount of atmospheric
moisture, resulting in heavier extreme precipitation. Various studies have used the historical relationship
between extreme precipitation and temperature (temperature scaling) to provide guidance about
precipitation extremes in a future warmer climate. Temperature scaling is useful for this purpose only when
it can be robustly identified. Using a large ensemble of 35 North American regional climate simulations of
the period 1951-2100, we show that individual climate simulations of length comparable to that of typical
instrumental records are unable to identify temperature scaling relationships robustly enough to reliably
estimate future extremes of local precipitation accumulation for hourly to daily durations in the model’s
climate. Hence, temperature scaling relationships estimated from the limited historical observations are
unlikely to be able to provide reliable guidance for future adaptation planning at local spatial scales. This
also has broader implications for how we account for nonstationarity more generally in historical
observations. In contrast, temperature scaling relations based on multiple regional climate simulations do
provide a feasible basis for accurately projecting precipitation extremes of hourly to daily durations over
more than 90% of the North American land area.

1. Introduction

An integral component of building and bridge construction codes, which set standards for infrastructure
design, is guidance on the expected magnitude of local precipitation extremes. The National Building
Code of Canada (NCBC, 2005), for example, includes estimates of the 10-year return level for 15-min rainfall
accumulation and 50-year return level for 1-day rainfall accumulation for hundreds of communities across
Canada. These estimates, which are based on station data, have historically been produced assuming a
stationary climate. There is, however, an accumulating body of evidence indicating that the hydrological
cycle is changing in response to anthropogenic global warming. Increases in extreme precipitation have been
observed (e.g., Donat et al., 2016; Westra et al., 2013) and can be attributed to human influence at large
spatial scales (e.g., Fischer & Knutti, 2015; Min et al., 2011; Zhang et al., 2013). The intensity of extreme
precipitation is projected to continue to increase in the future (e.g., Kharin et al., 2013, 2018).
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Such changes in the climate have led to the recognition that stationarity is dead (Milly et al., 2008, 2015). A
major challenge the engineering community is facing is therefore the need to reliably project future design
values for extreme precipitation. Nevertheless, nonstationarity remains difficult to model (e.g., Serinaldi &
Kilsby, 2015) and to detect (e.g., Westra et al., 2013) at local spatial scales due to the dominance of natural
variability. As a result, observations or individual climate simulations of length comparable to that of typical
observed records (being generally less than 65 years in length) are unlikely to sufficiently constrain
nonstationary extreme value models to reliably estimate long-period return levels for the future.

One important ingredient for the occurrence of extreme precipitation is the availability of atmospheric
moisture. As the atmosphere warms, its water holding capacity, or saturation water vapor pressure,
increases exponentially with temperature rise as described by the Clausius-Clapeyron (CC) relation. As a
result, atmospheric moisture (precipitable water) generally increases with warming. Assuming all other
factors, such as the circulations driving moisture convergence and precipitation efficiency during extreme
events, are equal, extreme precipitation should therefore also increase with warming. Over global land areas,
xextreme precipitation as represented by annual maximum 1-day precipitation has increased with warming at
a rate consistent with the CC relation (Westra et al., 2013; Zhang et al., 2013). This is also the case for future
climates projected with global climate models (e.g., Kharin et al., 2013; Westra et al., 2014). At the continental
scale, Prein et al. (2017) reported that changes in subdaily extreme precipitation also scale with temperature
change at roughly the CC rate over North America in a convection permitting regional climate model.
Thus, exploiting scaling relationships between temperature and extreme precipitation may offer potential solu-
tions to projecting future extreme precipitation as model projections for future temperature are relatively
robust. At regional and local spatial scales, however, the estimation of precipitation scaling relations from indi-
vidual records is highly uncertain (Zhang et al., 2017). Pooling information across space can reduce uncertainty
in estimates of the return levels of extreme precipitation (e.g., Hanel et al., 2009; Kendon et al., 2008; Sun &
Lall, 2015). For example, the index flood approach (e.g., Hosking & Wallis, 1997) has long been used in flood
frequency analysis and has also been extended to the nonstationary world. Combining spatial pooling with
temperature scaling may offer a promising approach to projecting future precipitation extremes.

The main objective of this study is to investigate the amount of information required to well constrain local
temperature scaling relationships for extreme precipitation in North America. We investigate this question
in an idealized world with a large ensemble of 35 North American regional climate simulations for the
period 1951-2100 that has recently become available. We consider both local analyses and spatially pooled
analyses using the index flood approach. We find that records that are equivalent in length of many
multiples of historically observed records are needed to robustly identify temperature scaling relationships,
even when using the index flood approach. Data and methods are described in section 2. Results are
presented in section 3, followed by discussion in section 4 and conclusions in section 5.

2. Data and Methods

2.1. Regional Climate Model Simulations

We use hourly precipitation from an ensemble of 35 simulations for the period 1951-2100 covering North
America. The simulations are conducted with the Canadian Regional Climate Model (CanRCM4) at a
horizontal resolution of ~50 km (Scinocca et al., 2016). These simulations are driven by a corresponding
large initial-condition ensemble of Canadian Earth System Model (CanESM2) simulations. The CanESM2
simulations use the historical all forcing (solar and volcanic forcing, greenhouse gases, aerosols, ozone,
and land use) prescription for the period ending in 2005 and the Representative Concentration Pathway
8.5 emissions scenario for 2006-2100, which has total radiative forcing in 2100 relative to 1750 of
approximately 8.5 W/m? (van Vuuren et al., 2011). The differences among ensemble members are due to
internal variability. As such, to the extent that the CanESM2/CanRCM4 combination of models captures
the relevant physical processes for the historical period, the 35 simulations can be considered as 35 plausible
realizations of the real world (Deser et al., 2012) and thus at a given location, yield 35 times as much data as
an observational record of comparable length. The historical simulations of CanRCM4 have been found to
reproduce well the observed spatial patterns, seasonal variations, and the probability distributions of
precipitation extremes over most parts of North America, with marked negative biases during May to
November, notably in the southeastern United States (Whan & Zwiers, 2016a, 2016b).
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2.2. Data Processing

The CanRCM4 large ensemble model output archive includes hourly precipitation accumulation for the
entire length of each simulation. We aggregate hourly precipitation for individual grid cells into accumula-
tions of nonoverlapping 6-, 12-, and 24-hr periods. Annual maximum 1-, 6-, 12-, and 24-hr precipitation
accumulations (expressed in mm/hr) are then retrieved, leading to 35 sets of annual maxima for each accu-
mulation duration. We use the annual global mean temperature from the 35 driving CanESM2 simulations
as a covariate in nonstationary extreme value models of the time series of annual precipitation accumulation
maxima. This follows from the physical consideration that the expected response of extreme precipitation
may be constrained by the availability of atmospheric moisture (Allen & Ingram, 2002; Trenberth et al.,
2003), for which global mean temperature can be a proxy (Sherwood et al., 2010). Similar choices of covari-
ates have been made in other studies (e.g., Hanel et al., 2009; Kharin et al., 2018; Westra et al., 2013).

2.3. Temperature Scaling Estimation

We define Y(s, t) to be a random variable representing annual maximum precipitation of a particular accu-
mulation duration at grid cells € S :={1,2,...,ndinyeart € T :={1, 2, ..., n ). Statistical theory suggests, via
the Fischer-Tippett Theorem, that the generalized extreme value (GEV) distribution should be a good choice
for approximating the distribution of Y{(s, ¢) (e.g., Coles, 2001). It has a probability distribution function of the
form

expd —[1 4 &(s, 0)(y — uls, 1) /a(s, )] VDL &(s, )0
Fw(y)_{ p{ 1+ (5,0 — (s ) /o5, 0] I}, E(s,0)
eXp{ieXp[f(yilu(sv t))/O'(S, t)]}7 6(8, t) =0
with u(s, t) € R, a(s, t) > 0, and &(s, £) € R being the location, scale, and shape parameters, respectively.

To reduce sampling uncertainty in the GEV parameter estimates at a particular grid cell s, we pool data from
neighboring grid cells by means of the index flood method. Using the location parameter u(s, t) as the index
flood, if Y(s, t) follows GEV(u(s, t), o(s, t), £(s, t)), then the scaled variable Y(s, t)/u(s, t) follows GEV(1, y(s, t),
&(s, 1)), with the dispersion coefficient y(s, t) = a(s, t)/u(s, t). The index flood method assumes that for a given
location s, y(s, t) and &(s, t) stay constant across grid cells within a neighborhood Uy of s; that is, y(s', £) = y(¢)
and &(5, t) = &(@¢) for s’ € Uy, U C S. It then follows that for points in Uy the distribution of Y(s/, ) can be
reparameterized as GEV(u(s', 1), u(s’, t)y(t), &(1)).

We relate extreme precipitation with temperature by assuming that u(s', ©) = uo(s)exp [B ()],
7(8) = yoexp[f,X(1)], and &(t) = &, + f= X(t), where x(¢) is the annual global mean temperature anomaly in year
t relative to the entire analysis period (e.g., 1951-2100), and uo(s"), yo, <o, fus f5» and f= are unknown para-
meters to be estimated. We use the method of maximum likelihood to estimate these parameters. We chose
a complex model with all GEV parameters being dependent on temperature rather than a simpler model
with only location, or location and scale being dependent on temperature because overall, the complex
model best represents differences in the response to temperature that are seen for different percentiles of
precipitation extremes.

The choice of exponential dependence of the location parameter u(s’, £) on temperature is motivated by the
CC relation and has been used in previous studies in the context of extreme precipitation event attribution
(e.g., Eden et al., 2016; van Oldenborgh et al., 2015), while the choice of exponential dependence of the dis-
persion coefficient y(f) on temperature ensures that the dispersion coefficient remains positive. The trend
parameters f8, and 5, are common to all grid cells in U, and thus reflect the average response of extreme pre-
cipitation to temperature over the pooled grid cells; the data set enlarged by spatial pooling will somewhat
reduce uncertainty in the estimates of these trend parameters caused by internal variability and hence will
reduce uncertainty in the estimates of temperature scaling.

The intensity of extreme precipitation at a given extreme level (e.g., 99th percentile) scales with temperature
change AT approximately as (1 + 7)”, where 7 is the estimate of temperature scaling rate for extreme pre-
cipitation at that extreme level and can be estimated from the fitted GEV model (see section S1 in the sup-
porting information). We consider extreme precipitation intensity at the 50th and 99th percentiles of the
distribution of annual precipitation accumulation maxima, which correspond respectively to the intensity
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of precipitation during a moderate 2-year event and a much more extreme 100-year event. The above expo-
nential scaling relation is appropriate for regions where the expected response of extreme precipitation to
external forcing is dominantly thermodynamic (e.g., Trenberth et al., 2003; Zhang et al., 2017). Other factors
that affect extreme precipitation such as changes in circulation can affect the7value; for example, changes in
circulation may result in a reduction in extreme precipitation, and thus a negative scaling rate, or they may
enhance extreme precipitation through increased moisture convergence resulting in a super CC scaling rate.

2.4. Spatial Data Pooling

A key aspect of regional frequency analysis is the identification of appropriate homogeneous regions for spa-
tial data pooling. Automated identification approaches are subject to uncertainty from sampling variability
and the possibility that statistical procedures for the detection of spatial inhomogeneity may not be very
powerful. Thus, we opt to simply use a series of nested neighborhoods of different sizes centered on the grid
cell of interest, with regular, spatially isotropic sampling of grid cells within each neighborhood. We consider
four configurations for pooling data spatially (Figure S1). They are (1) pooling 5 selected grid cells within a
3 x 3 grid cell region, (2) pooling all 9 grid cells within a 3 x 3 region, (3) pooling 9 selected grid cells within a
5% 5 grid cell region, and (4) pooling 13 selected grid cells within a 7 x 7 grid cell region. We focus on land as
this is where the impacts of extreme precipitation will be felt most. Model ocean grid cells are excluded from
pooling when the land-sea boundary intersects the pooling region. We select a subset of grid cells from the
5% 5and 7 X 7 regions in order to make computations manageable.

2.5. Evaluation of the Temperature Scaling

We use two metrics, one that measures the uncertainty of a temperature scaling estimate7 and a second that
evaluates how well temperature scaling projects future precipitation extremes. Uncertainty is measured by
the scaling rate per standard error (SRSE), which is defined as the ratio between the best estimate of the
scaling rate and its standard error. When the 35 simulations are used individually to estimate scaling rates,
the best estimate is the mean of the 35 values, and the standard error of the best estimate is approximated
by the standard deviation of the 35 values scaled by 1/4/35 (as the ensemble members are independent).
When the best estimate is based on multiple simulations, the standard error for that estimate is adjusted
accordingly. Assuming that the best estimate is approximately Gaussian distributed with standard deviation
equal to the estimated standard error, we consider a scaling rate to be (1) unconstrainable when [ISRSEI| <2,
as there is then no detectable response of extreme precipitation to temperature change at approximately the
5% significance level; (2) constrainable when 2 < [ISRSEIl < 5, which implies that a nonzero response is
detectable at the 5% significance level, but the response magnitude is relatively uncertain; and (3) robustly
constrained when [ISRSEIl > 5, suggesting a tightly constrained estimate of temperature scaling rate with
a 95% confidence interval that is narrower than 7+0.57. A finding of unconstrainable scaling can occur either
because the link between changes in extreme precipitation and temperature is relatively weak compared to
natural variability or because there is no change in extreme precipitation at all. This classification, though
somewhat subjective, reflects the strength of climate change signals relative to natural variability similarly
to the commonly used signal-to-noise ratio.

To evaluate the performance of temperature scaling in projecting future precipitation extremes, we compare
the root-mean-square error (RMSE) for extreme precipitation changes estimated by the scaling relation with
the RMSE of changes calculated directly from climate model projections. For a given percentile (e.g., 50th or
99th), 35 estimates of the relative change in that percentile between the historical period 1951-2015 and a
future 30-year period (e.g., 2031-2060 or 2071-2100) are estimated based on the temperature scaling relation
or calculated directly from climate model projections. The RMSE difference between the 35 estimates of the
relative change and a value that we take to be the true relative change (described below) is computed, and
finally, a ratio comparing the RMSE for the temperature-scaling-based estimates (RMSE_S) with the
RMSE for the direct estimates (RMSE_D) is calculated.

The temperature-scaling-based estimates of the relative change in a given percentile are calculated as (1 +7) *™,
i=1,2, .., 35 where7 is the scaling rate best estimate, that is, the ensemble mean of the 35 scaling rates esti-
mated by regional analysis with the largest spatial pooling considered and using the full length of the 1951-2100
regional model simulations. The temperatures AT; (i = 1, 2, ..., 35) are the changes in annual global mean tem-
perature in future periods relative to the historical period projected by each of the 35 driving CanESM2 global
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model projections. For the direct estimates of the relative change, 35 estimates of the given percentile are first
computed individually from the 35 CanRCM4 simulations for historical and future periods. At each grid cell,
data are pooled for calculating the percentile estimates from neighboring grid cells corresponding to the largest
spatial pooling considered for the regional GEV analysis. Estimates of the relative change between the historical
period and future periods are calculated from each of the 35 pairs of the percentile estimates as the ratio
between the future and historical period percentiles.

Calculation of both RMSEs requires reference to a true value for the relative change in the percentile
between historical and future periods. We obtain this value by deriving the percentiles in question from
the largest sample of annual maxima that can be assembled from the 35-member ensemble by pooling across
ensemble members and neighborhoods (e.g., see Figure S2 for the true relative changes in the 50th and 99th
percentiles of annual maximum 12-hr precipitation). At each grid cell, data are pooled from neighborhoods
corresponding to the largest spatial pooling considered for the regional GEV analysis. We consider the
resulting relative change as the true value in the sense that it is based on very large samples of annual
maxima at each location (samples sizes are 35 X 65 X 13 = 29,575 and 35 X 30 X 13 = 13,650 for the historical
and future periods, respectively).

Squared RMSE (i.e., mean-square error) can be decomposed into a squared bias component and a variance
component. Since the direct estimates of the relative change should be essentially unbiased, RMSE_D is
effectively an estimate of the standard deviation of the direct estimates. In contrast, RMSE_S reflects the
combination of the standard deviation of the scaling-based estimates and their bias (i.e., the mean difference
between the 35 scaling-based estimates and the true value of the relative change). An RMSE_S/RMSE_D
ratio that is less than 1 at the 5% significance level (evaluated by a bootstrap approach) indicates that there
is a significant advantage for a well-constrained temperature scaling relation in projecting future precipita-
tion extremes over direct estimation from climate model projections. In this case, the variance reduction that
is enabled by temperature scaling overcomes any bias that it might have introduced. A ratio that is signifi-
cantly greater than 1 is an indication of a large bias in the scaling-based estimates that inflates their RMSE.

3. Results

3.1. Temperature Scaling Inferred From Limited Historical Records Can Be Highly Uncertain

Figure 1 shows the estimated temperature scaling rates for the 50th percentile of annual maximum 12-hr
precipitation obtained by at-site analysis (involving one grid cell) from two individual simulations during
a historical period 1951-2015 (Figures 1a and 1b) and a future period 2036-2100 (Figures 1c and 1d). We
chose these two simulations as they have the smallest and largest spatial averages of estimated temperature
scaling rates during the historical period over North America as a whole among the 35 simulations.

The spatial patterns of the scaling rates estimated from individual simulations are rather fragmented, with
neighboring grid cells that often have very different scaling rates, sometimes even with opposite signs
(Figure 1a or 1b). Spatial patterns among individual simulations are hardly consistent, particularly during
the historical period when the external forcing is relatively weak (Figure 1a or 1b). Estimated scaling rates
in different periods of the same simulation can also have different signs (Figure 1a vs. 1c and Figure 1b
vs. 1d). For example, negative estimates of scaling rates for annual maximum 12-hr precipitation dominate
over central and southwestern North America in the historical 1951-2015 period (Figure 1a), while positive
estimates prevail in the future 2036-2100 period (Figure 1c). Regional analysis (e.g., with the largest spatial
pooling considered) results in more coherent patterns in the spatial distributions of the estimated scaling
rates (Figure S3). There is, however, still substantial variation between spatial patterns obtained from differ-
ent simulations. Also, it is evident that spatial pooling cannot adequately sample low-frequency large-scale
internal variability as represented by intersimulation differences (Figure S3a vs. S3b). Increasing the degree
of spatial pooling will sample internal variability somewhat more completely, but at the cost of the loss of
spatial details such that the estimated scaling rates are less informative at local spatial scales. The situation
for higher percentiles (e.g., the 99th percentile) will be even worse since substantially more samples are
needed for estimating rare extremes. These results are in line with previous findings that internal variability
is the dominant source of uncertainty for the intensification of local-to-regional extreme precipitation by
midcentury and even further (Deser et al., 2012, 2014; Fischer et al., 2013, 2014; Hawkins & Sutton, 2011).
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Figure 1. Temperature scaling rate estimates for extreme subdaily precipitation based on a single simulation of a length of
typical observational records are highly uncertain. Panels show the scaling rates (in %/°C) for the 50th percentile of
annual maximum 12-hr precipitation inferred by at-site analysis from two of the 35 Canadian Regional Climate Model
version 4 (CanRCM4) simulations for a (a and b) historical (1951-2015) and a (c and d) future (2036-2100) period. The two
simulations have the smallest and largest scaling rate estimates during the historical period spatially averaged over the
North American land area among the 35 simulations. Numbers on the top of the panels indicate the spatial averages of the
scaling rate estimates. See Figure S2 for results based on regional analysis with the largest spatial pooling considered.

To summarize, these findings show clearly that it is unlikely that the response of local extreme precipitation
to anthropogenic forcing can be well constrained based on a single simulation of a length that is represen-
tative of the currently available long-term observational subdaily precipitation records. This further means
that temperature scaling derived from historical observations at individual locations is unlikely to produce
robust projections for future precipitation extremes. Stationarity may be dead (Milly et al., 2008), but the
relationships that characterize nonstationarity in extreme daily and subdaily precipitation are unlikely to
be robustly quantifiable using observational records or single simulations of lengths that are representative
of those of currently available observational records.

3.2. Multiple Long Initial-Condition Climate Change Simulations Are Needed

The use of a much larger sample that is obtained by combining multiple initial-condition simulations should
improve the estimation of scaling rates. This can be done in two ways. One is to aggregate data from multiple
simulations and then fit one GEV distribution (either by at-site analysis or by regional analysis of the aggre-
gated data). Another is to fit GEV distributions to individual simulations and then average estimated scaling
rates from these simulations. We found that these two approaches provide almost identical results (not
shown). For simplicity, we report only results based on the latter approach.

Figure 2 shows the fraction of the North American land area where temperature scaling for the 50th and
99th percentiles of annual maximum 12-hr precipitation can be robustly constrained (i.e., [ISRSEIl > 5) as
a function of the number of available simulations. Results for extreme precipitation of other durations are
qualitatively the same (Figures S4-S6). When using information for the whole 1951-2100 period along with
regional analysis with the largest spatial pooling considered, an ensemble of 15 simulations or more allows
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Figure 2. Multiple long simulations with strong external forcings are needed to robustly constrain temperature scaling
rate estimates. Panels show the fraction of the North America having [ISRSEIl > 5 for the 50th and 99th percentiles of
annual maximum 12-hr precipitation as a function of the number of available simulations during period (a and b) 1951-
2100, (c and d) 1951-2015, and (e and f) 2036-2100. Scaling rates are estimated respectively by at-site analysis (black),
regional analysis with medium spatial pooling (over 3 x 3 grid cells; gray), and regional analysis with the largest spatial
pooling considered (red). The whiskers show 5-95% uncertainty ranges obtained by a bootstrap approach. The dashed
horizontal lines mark the fractions corresponding to at-site analysis using 35 simulations. See Figures S3-S5 for annual
maximum precipitation of 1-, 6-, and 24-hr accumulation durations.

robust scaling rate estimates for both percentiles over most of North America (>90%); including more than
15 simulations does not necessarily lead to substantially more improvement (red bars in Figures 2a and 2b
and S4-S6, panels a and b). On the other hand, scaling rate estimates based on the shorter 1951-2015 period
may still not be robust even with 35 simulations and regional analysis, with robustly constrained tempera-
ture scaling (i.e., ISRSEIl > 5) being found over less than 60% of North America (red bars in Figures 2c and
2d and S4-S6, panels c and d). The situation improves when information for the future 2036-2100 period is
used because of the greater warming resulting from the intensified external forcing in this period (red bars in
Figures 2e and 2f and S4-S6, panels e and ).

As expected, regional analysis by spatial pooling noticeably improves scaling rate estimates compared to at-
site analysis. Given the same number of simulations of the same period, the scaling rate can be robustly esti-
mated over a substantially greater area with regional analysis than with at-site analysis (red and gray bars vs.
black bars in Figures 2 and S4-S6). This is particularly evident when the historical 1951-2015 simulations
are used to estimate the temperature scaling for the extreme 99th percentile. With at-site analysis, it is unli-
kely to obtain robust scaling estimates for such a high percentile anywhere across the domain (black bars in
Figure 2d), representing a marked contrast to regional analysis with the largest spatial pooling considered,
which produced robust estimates over ~30% of the domain (red bars in Figure 2d).

Overall, the advantage of regional analysis in sampling internal variability is particularly obvious when the
data length is short, the number of available simulations is small, the external forcing is weak, and for rare
extremes. Nevertheless, even with regional analysis, the period analyzed needs to include a strongly evolving
signal for the temperature scaling relation to be successfully constrained.

3.3. Robust Climate Model Simulated Extreme Precipitation Response to Forcing

Ensemble average scaling rate estimates based on the largest spatial pooling considered are geographically
well organized and positive almost everywhere for both the 50th and 99th percentiles of annual
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Figure 3. Extreme subdaily precipitation response to external forcing. (a and b) Ensemble mean of scaling rate estimates
(in %/°C) for the 50th and 99th percentiles of annual maximum 12-hr precipitation based on scaling rates estimated by
regional analysis with the largest spatial pooling for 1951-2100. Hatching highlights regions where the scaling rate esti-
mates are consistent with the Clausius-Clapeyron relation (5.7-8.1%/°C for the central 95% range of CanRCM4 modeled
North American temperatures). To plot the hatching, the scaling rate estimates are normalized with respect to annual
latitudinal mean temperatures over North America. See Figure S6 for annual maximum precipitation of 1-, 6-, and 24-hr
accumulation durations. (c and d) Uncertainties (unitless) in the scaling rate estimates shown in (a) and (b) expressed as
scaling rate per standard error.

maximum 12-hr precipitation, except for southern subtropical subsidence regions where scaling rate
estimates for the 50th percentile are negative (Figures 3a and 3b). Extreme precipitation of 1-, 6-, and 24-
hr duration exhibits similar spatial patterns of temperature scaling, but with a tendency that shorter
duration extreme precipitation appears to increase faster with global warming than longer duration
extreme precipitation (Figure S7). We find that the domain average of the estimated temperature scaling
rates for the 99th percentile are greater than that for the 50th percentile regardless of accumulation
durations. For example, the 99th percentile of annual maximum 12-hr precipitation is 2.9%/°C larger than
that for the 50th percentile (7.5%/°C for the former and 4.6%/°C for the latter). Such an asymmetric
response suggests that high-impact low-frequency precipitation events are likely to intensify more
substantially in a warmer climate in North America.

We find that for the moderate 50th percentile, the positive temperature scaling tends to converge to a limit
predicted by the thermodynamic CC relation based on regional temperature trends (which varies from 5.7 to
8.1%/°C for the central 95% range of CanRCM4 modeled North American temperatures; Figure 3a). We also
see that temperature scaling for the extreme 99th percentile may exceed the CC rate in parts of the Northeast
(Figure 3b), especially for shorter duration extreme precipitation (see Figures S7b and S7e for 1- and 6-hr pre-
cipitation extremes). The positive feedback between precipitation formation, latent heat release, and low-
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level moisture convergence may lift the temperature scaling for these high-intensity short-duration
precipitation extremes to super CC levels (e.g., Trenberth et al., 2003). It should be noted that the estimated
scaling rate for the 99th percentile in the southernmost subtropics is large compared to direct estimates from
the climate model (as will be further discussed in the following section). It appears that even the most
complex GEV model, which has six parameters, is too rigid to represent differences in the response of
extreme precipitation to temperature for all percentiles in this particular region, at least as simulated in
the CanRCM4 large ensemble. One could speculate that circulation change, such as a broadening of the
subtropical subsidence region might be responsible since such a broadening would replace a circulation
regime with low-level moisture convergence where there is a connection between temperature and precipi-
table water with a regime with low-level divergence where there is little, if any, connection.

We find that the 50th percentile of extreme precipitation is estimated to increase at roughly the CC rate (with
respect to annual latitudinal mean temperatures over North America) over 40-50% of North American land
area (50%, 48%, 45%, and 40% for annual maximum 1-, 6-, 12-, and 24-hr precipitation, respectively; see
hatching in Figure 3a for annual maximum 12-hr precipitation and in Figure S7 left panel for extreme
precipitation of other durations). In contrast, the estimated scaling rate for the extreme 99th percentile is
consistent with CC over more widespread regions (65%, 67%, 69%, and 70% for annual maximum 1-, 6-,
12-, and 24-hr precipitation, respectively; see hatching in Figure 3b for annual maximum 12-hr precipitation
and in Figure S7, right panel, for extreme precipitation of other durations). This contrast is in line with the
expectation that high-intensity precipitation extremes are largely controlled by the enhancement of
low-level atmospheric moisture content, which increases with warming at roughly the CC rate (e.g.,
Trenberth et al., 2003). There are substantial inland regions where the 50th percentile of extreme
precipitation increases at less than the CC rate. The lower scaling rates in these regions are likely related
to limits to the ability of the atmosphere to transport moisture to these locations (Pall et al., 2007), dynamic
factors such as a weakening of upward winds during extreme precipitation events (Pfahl et al., 2017), an
incorrect representation of land-atmosphere feedback processes (e.g., Lorenz et al., 2016), or
combinations thereof.

Our findings of negative scaling for the 50th percentile but positive scaling for the 99th percentile of extreme
precipitation in the southernmost subtropics are consistent with previous studies with global climate
models, which have reported decreases in the mean of the distribution of annual maximum 24-hr
precipitation in the driving CanESM2 simulations and in Community Earth System Model simulations
(e.g., Fischer et al., 2014), and increases in the ensemble mean of the Coupled Model Intercomparison
Project Phase 5 (CMIP5) projected 95th percentile (i.e., 20-year return level) of annual maximum 24-hr
precipitation in this region (Kharin et al., 2013).

3.4. Temperature Scaling Can Project Changes in Precipitation Extremes

Figure 4 presents the bias for the projected relative changes in the 50th and 99th percentiles of annual max-
imum 12-hr precipitation during a near future 2031-2060 period relative to a historical 1951-2015 period
estimated by the scaling relation (using the scaling rates shown in Figures 3a and 3b; top panels) and the
ratios of RMSE_S/RMSE_D for these relative changes (bottom panels). For both percentiles, bias in the
estimates obtained via temperature scaling is less than 15% over most of the continent, except for some
localized subtropical regions south of California where the positive bias for the projected 99th percentile
can be as large as 50% (Figures 4a and 4b). For the 50th percentile, RMSE_S is significantly less than
RMSE_D at the 5% level or comparable to RMSE_D almost everywhere across the continent (Figure 4c),
whereas for the 99th percentile RMSE_S significantly exceeds RMSE_D in the southernmost region and
along the Northwest Coast (cross-hatching in Figure 4d). The later areas are generally coincident with areas
where the bias in the scaling-based estimates is also large (Figure 4b vs. 4d).

Looking to a further future 2071-2100 period, the scaling estimates for the 50th percentile exhibit continued
good performance as in the near future period, with small bias and RMSE that is significantly less than or
comparable to that for the direct estimates (Figures 5a and 5c). For the 99th percentile, however, areas with
RMSE_S/RMSE_D ratios that are significantly greater than 1 expand to more regions (~7.3%; cross-hatching
in Figure 5d) due to increased positive bias in the scaling-based estimates (Figure 5b). Similar results are
found for extreme precipitation of other durations (Figures S8 and S10). Overall, for both future periods,
no more than 9% of North America would see RMSE_S significantly exceeding RMSE_D for both percentiles

LI ET AL.

19

85U8017 SUOWILLIOD BA 181D 8|qedl|dde auy Aq peusenob ae ssjoiie YO ‘8Sn Jo SaInJ 10} ARid178UIIUO A8|IA LD (SUORIPUOD-PUR-SLIBI WD AB 1M AR.q 1[BU 1 UO//STY) SUORIPUOD Pue swie 1 8y} 89S *[5202/20/50] Uo AriqiTauliuo A8]IM ‘suie W BLOWIA JO AISAIUN AQ TOOTO0S38TO0Z/620T 0T/I0p/Liod A8 AReiqiputjuo'sandnBe//sdiy woly pepeojumod ‘T ‘6T0 ‘2L2¥82E2



Earth's Future 10.1029/2018EF001001
A 50th percentile B 99th percentile
(5 NN

-50 -40 -30 -20 -10 0 10 20 30 40 50
Bias in estimates of relative change by scaling relation [%]

I I
1.0 1.5 2.0 2.5 3.0
RMSE ratio [Unitless]

Figure 4. A well-constrained temperature scaling relation can project changes in precipitation extremes. (a and b) Bias for
relative changes in the 50th percentile and 90th percentiles of annual maximum 12-hr precipitation during a near future
period 2031-2060 relative to 1951-2015 estimated by the temperature scaling relation (using the scaling rates shown in
Figure 3). (c and d) The ratio between the root-mean-square error for the relative changes estimated by the temperature
scaling relation and that calculated directly from climate model projections. Cross-hatching shows where the ratio is
significantly greater than 1 at the 5% level evaluated by a bootstrap approach, while hatching shows where the ratio is
significantly less than 1at the 5% level. See Figures S7-S9 for annual maximum precipitation of 1-, 6-, and 24-hr accu-
mulation durations.

of extreme precipitation of all considered accumulation durations. This shows the advantages of
well-constrained temperature scaling in projecting future precipitation extremes up to the end of the century
over direct estimation of these extremes from climate model projections for the majority of North
American continent.

This result can only be obtained when the scaling relation is well constrained. To demonstrate this, we also
estimated the quantiles of extreme precipitation for future periods using scaling rate estimates obtained from
individual simulations of the historical 1951-2015 period, mimicking the challenge that is faced when
attempting to use scaling relations diagnosed from historical observations to constrain projected changes
in precipitation extremes. Estimates of precipitation extremes for the 2031-2060 period obtained in this
way show bias that is comparable to, or larger than, those obtained with well-constrained scaling estimates
(Figures S1la and S11b). More importantly, these estimates are highly uncertain, as indicated by very large
relative RMSEs for both the 50th and 99th percentiles (Figures S11c and S11d). The RMSE of extreme
precipitation changes estimated based on these individual scaling rate estimates is very significantly greater
than RMSE_D (and thus RMSE_S) for both percentiles and throughout the domain. The situation is far
worse in the further future 2071-2100 period (not shown). This confirms that temperature scaling derived
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Figure 5. A well-constrained temperature scaling relation can project changes in precipitation extremes. As in Figure 4
but for a further future period 2071-2100. See Figures S7-S9 for annual maximum precipitation of 1-, 6-, and 24-hr
accumulation durations.

from individual climate simulations of length comparable to that of typical instrumental records at
individual locations cannot produce robust projections for future precipitation extremes, which in turn
implies that temperature scaling relationships estimated from the limited historical observations are
unlikely to be able to provide reliable guidance for future adaptation planning at local spatial scales.

Overall, these results show clearly that well-constrained temperature scaling relations are able to provide
useful guidance about precipitation extremes in a warmer climate over most of North America and that they
can do so at a lower overall cost than direct estimation from a large ensemble of climate change simulations.
Temperature scaling may be less useful in areas such as the subtropical subsidence regions, where the
thermodynamic response is complicated by the dynamic response such as a widening of the tropics, leading
to temporally nonuniform precipitation change. We stress that statistical methods that are used for
temperature scaling estimation should be flexible enough to resolve the scaling rates for the full range of
precipitation extremes since it is possible that extreme precipitation of different severity levels responds
differently to temperature warming.

4. Discussion

4.1. The Utility of Temperature Scaling in Constraining Future Extreme Precipitation
From Observations

We have shown the advantages of properly constrained temperature scaling in projecting future
precipitation extremes over direct estimation from climate model projections for most of North America.
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In this case, temperature scaling would be of considerable utility in constraining estimates of extreme
precipitation percentiles from observations to inform future changes. This can be done by adjusting the

observed extreme precipitation percentile y in a historical period via the temperature scaling relation yx

1+ ?)AT, where7is the estimated temperature scaling rate for that percentile and AT is the projected change
in annual global mean temperature during a future period relative to the historical period.

A number of factors can affect the success of this approach in practical applications. First, as noted above, the
scaling relation may be less useful in regions where the response of extreme precipitation to external forcings
is strongly affected by dynamics, such as the southernmost subtropics of North America, where strong
temporally nonuniform precipitation change may occur as the atmosphere warms. Likewise, the scaling
relation can be of limited use if it is sensitive to the choice of emissions scenario. Pendergrass et al. (2015)
have reported that increases in extreme precipitation depend on the magnitude of warming and not on
the emissions scenario in most CMIP5 global climate models. This finding, however, is subject to some
uncertainty due to the coarse resolution of global models. High-resolution models are needed to further
investigate the role of various drivers of climate change for extreme precipitation changes. Second, the
observed extreme precipitation percentile y should be estimated reliably. Indeed, estimation of high
percentiles of local precipitation extremes from the limited historical observations is also affected by the
sampling issues that challenge the estimation of the temperature scaling rate. This issue can be addressed,
at least in part, by regional frequency analysis approaches such as the index flood method. Further, the
challenge is somewhat mitigated by the fact that simpler extreme value models that do not use covariates
and thus have fewer parameters can be used when estimating percentiles of historical extreme precipitation
even though large-scale evidence demonstrates that stationarity is indeed dead (e.g., Zhang et al., 2013).
Third, our findings indicate that at present we have no choice but to rely on climate models to estimate
the temperature scaling rate. This therefore requires that the chosen climate model (or models) should be
able to resolve the rate of long-term change of local extreme precipitation with global warming.
Unfortunately, we have as yet, very limited observational studies that assess the temperature scaling rate
simulated by climate models, apart from large scale detection and attribution studies such as Zhang et al.
(2013); see also Min et al. (2011). This represents a major source of uncertainty in estimating future extreme
precipitation by means of temperature scaling even if the temperature scaling relation itself can be robustly
determined. Last, the choice of statistical methods for temperature scaling estimation is also critically
important, as will be discussed separately in the following subsection.

4.2. The Importance of Statistical Methods for Estimating the Temperature Scaling

We have emphasized that the statistical methods used for temperature scaling estimation should be able to
represent the characteristics of changes across the full range of precipitation extremes. Studies have used a
GEV distribution with a linear link between temperature and the GEV location parameter to estimate
temperature scaling rate for daily extreme precipitation (e.g., Westra et al., 2013) and for modeling the
nonstationarity of extreme precipitation changes (Cheng & AghaKouchak, 2014; Sun & Lall, 2015). Also,
there are extreme precipitation event attribution studies that have assumed an exponential link to tempera-
ture that directly affects the GEV location parameter and proportionally affects the scale parameter with a
constant proportional rate (or dispersion coefficient; e.g., van Oldenborgh et al., 2015; Eden et al., 2016).
Under these above parametrizations, the estimated temperature scaling will be independent of the percen-
tiles and thus cannot represent possible differences between changes in low-to-moderate and rare extremes.
For example, if estimating the relative change in the 99th percentile of annual maximum 12-hr precipitation
using a temperature scaling relation estimated with a regional GEV model with temperature-dependent
location parameter and constant dispersion coefficient, the RMSE_S will significantly exceed RMSE_D over
21% of the continent by the end of the century (not shown). This is substantially more widespread than if
assuming a dispersion coefficient that also varies with temperature (8.7%; not shown) and if further assum-
ing a temperature-dependent shape parameter (7.3%; Figure 5d). Moreover, it is possible that in some
regions and for extreme precipitation of short durations, the most complex GEV model with all parameters
depending on temperature is still too rigid to represent the characteristics of changes across the full range of
precipitation extremes (e.g., regions in middle-to-high latitudes with cross-hatching in Figures 4 and 5 and
S8-S10). In this situation, quantile regression that estimates the scaling rate for each percentile separately
may help but at the expense of having to estimate many more parameters.
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5. Concluding Remarks

We have presented examples illustrating that the estimation of local-scale short-duration (i.e., hourly to
daily) extreme precipitation response to warming is highly uncertain based on model simulations with a
length comparable to that of typical long-term instrumental records, due to the inability to adequately
sample internal variability in precipitation extremes over short records. This means that precipitation trends
estimated with available observations cannot provide reliable guidance for future planning at local spatial
scales. Climate models coupled with statistical tools such as temperature scaling remain indispensable for
understanding extreme precipitation in a warmer climate. High-resolution convection-permitting regional
model experiments have been found to be able to more realistically simulate small-scale short-duration
extreme precipitation (e.g., Prein et al., 2015; Westra et al., 2014). Coordinated multimodel multimember
convection-permitting regional model experiments, though computationally expensive, will be needed to
better assess their potential to better project future short-duration precipitation extremes. We have
demonstrated the potential of regional analysis by spatial pooling with the index flood method in better
sampling internal variability, suggesting that the use of regional analysis can help reduce the cost of regional
climate change simulation experiments.

Our results emphasize that temperature scaling relationships estimated from the limited historical
observations are unlikely to be able to provide reliable guidance for future adaptation planning at local
spatial scales. In the climate simulated by CanRCM4, well-constrained temperature scaling provides a
feasible basis for projecting future precipitation extremes over >90% of North America, but data that are
equivalent in length of many multiples of historical observational records are required to robustly identify
the scaling relationships. Compared with estimating future precipitation extremes directly from climate
model projections, estimating changes in precipitation extremes with a well-constrained temperature
scaling relation can provide extreme precipitation estimates with small bias and much lower uncertainty,
and thus statistically significantly smaller RMSE, particularly in regions where the response of extreme
precipitation to external forcings is not strongly affected by dynamics.
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