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Figure 1. Geographical locations of the four sub-models selected for the hydrological simulation tests.
The sub-models cover parts of (A) Tornio, (B) Ems, (C) Trent and (D) Sava river catchments. White
dots denote the locations of the discharge gauging stations for which the reference period statistics are
shown in Table 2.

Table 2. Statistics for daily time-series of simulated river discharge calculated against the observed
discharge at the mouth of each hydrological sub-model (cf. Figure 1). The first column shows the
catchment name, the second column Nash-Sutcliffe efficiency coefficient and the third column the
relative volume error.

Sub-Model NSE RE (%)

Tornio 0.78 −17.0
Trent 0.66 −3.0
Ems 0.83 3.1
Sava 0.52 6.0

The ability of HYPE to simulate river flows in the reference period (1981–2010), when WFDEI
is used directly as forcing, is briefly illustrated in Table 2, which shows the Nash-Sutcliffe efficiency
coefficient (NSE) and relative volume error (RE) in simulated river discharge for the four gauging
stations located at the outlets of the selected sub-models. The NSE values vary from 0.83 in Ems to
0.52 in the Sava region. These values are reasonable considering that E-HYPE has been calibrated
uniformly for all of Europe to optimize predictions in ungauged regions. The RE values range from
−17.0% to 6.0% with largest deviations seen in the Tornio sub-model, where the model tends to
underestimate river discharge volume, particularly during the spring season. These differences are
at least partially explained by the limitations of the WFDEI data set; the representation of daily
precipitation variability is not sufficient in regions with large topographical variations, and subject
to gauge undercatch for which the corrections are particularly uncertain in windy, snow dominated
regions. Also temperature discontinuities might have a role in explaining the differences to the
observations. In addition, the inherent limitations in the HYPE formulation and parameterisation
likely explain part of this discrepancy (as would any other hydrological model).

2.4. Model Output Statistics

Non-parametric quantile mapping applied both in the delta change (M1) and bias correction (M2)
mode is used to benchmark the ability of joint bias correction methods to adjust temperature and
precipitation for biases in the GCM-RCM simulations (see Table 3). In the following, the formulation is
shown for the bias correction form of quantile mapping. For given simulated values of daily mean
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temperature or precipitation in the scenario period (si), the projected values pi are obtained by
transforming si according to

pi = F−1
o (Fc (si)) . (1)

here Fc denotes the cumulative distribution function of the baseline period simulation and F−1
o its

inverse estimated from the observations. Formulation for the delta change form is simply obtained by
switching the indexes for the observations (o) and the future period simulation (s).

Before the transformation shown in Equation (1) is applied, the quantile-quantile relationship
between Fc and Fo is smoothed by replacing individual quantiles with a running average taken
over a specified quantile range using the approach and numerical values described in Räty [21] and
Räty et al. [22]. If the future simulated values are outside the baseline period observations and model
simulation, the quantile relationship is extrapolated assuming a constant, additive, relationship above
the highest and below the lowest quantile for daily mean temperature. For precipitation, relative values
are used. For further implementation details, the reader is referred to Räty [21] and Räty et al. [22].

Table 3. List of bias adjustment methods used in this study together with a short description.

Name Description References

M1 Univariate delta change: quantile mapping with smoothing Räisänen and Räty [21], Räty et al. [22]
M2 Univariate bias correction: quantile mapping with smoothing Räisänen and Räty [21], Räty et al. [22]
M3 Bi-variate bias correction: copula-based, precipitation conditioned on temperature Li et al. [14], Gennaretti et al. [35]
M4 Bi-variate bias correction: full 2-dimensional distribution using the N-pdft algorithm Pitié et al. [36], Cannon [17]

To take biases in the co-variations of daily mean temperature and precipitation into account,
two bi-variate bias correction methods were implemented and compared with their univariate
counterparts. In the first one (M3), the dependence structure is modeled separately from the marginal
(i.e., unconditional) distributions of temperature and precipitation using a copula-based approach as
described in Li et al. [14]. The implementation of this method is based on the properties of copula
described by Sklar’s theorem [37], which states that, given two random variables X and Y such as daily
mean temperature and precipitation, their joint cumulative distribution (H(x, y)) can be constructed as

H(x, y) = C(F(x), G(y)), (2)

where C() denotes the cumulative copula distribution and F(x) and G(y) are the cumulative marginal
distributions for X and Y. Here, it is assumed that the dependence structure of daily mean temperature
and precipitation can be reasonably modeled using a Gaussian copula as in Li et al. [14]. The Gaussian
copula was chosen due to its relatively simple formulation and its ability to model both positive
and negative correlations. Although several other parametric copulas are available for modeling the
dependence structure, testing them is beyond the scope of this paper. Marginal distributions were
modeled with parametric distributions in a similar manner as in Yang et al. [2] and Li et al. [14].
Temperature is assumed to follow Gaussian distribution, while gamma distribution is used to model
precipitation above a wet-day threshold, here defined as 0.1 mmd−1. To improve the performance of
M3 at daily temporal scales, separate temperature distributions were fitted both on dry and wet days
following a pre-adjustment of the fraction of wet days in model simulations to the observed one [2,35].
In M3, bias correction of the wet-day part of the joint distribution needs to be applied conditionally
on either temperature or precipitation, thus offering two approaches to correct the joint distribution.
Based on tests with these two alternatives, we decided to bias correct precipitation conditionally on
temperature due to the slightly better overall performance of this option (not shown). The correlation
parameter values obtained from fitting Gaussian copula to the baseline period simulations are
illustrated in the supplementary material (Figure S1). For further details, the reader is referred to an
R package available in GitHub [38], which contains implementations of methods M1–M3 written by
the authors.
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The second bi-variate bias correction method (M4) was recently proposed by Cannon [17] based
on the N-pdft algorithm designed by Pitié et al. [36]. In this method the full 2-dimensional distribution
structure is adjusted iteratively by reducing the adjustment of the 2-dimensional distribution to
a series of 1-dimensional bias corrections of the marginal distributions. First, both temperature and
precipitation distributions are normalized and randomly rotated to a new orthogonal coordinate system.
Second, quantile mapping is applied to the rotated distributions. The adjusted distributions are then
rotated back to the original coordinate system before repeating the described sequence. After several
successive iterations it can be shown that the joint distribution converges to the target distribution [36].
As discussed by Cannon [17], the algorithm constructs the joint distribution at each iteration step
as a linear combination of the bias corrected marginal distributions, which allows modifying the
dependence structure. In the original article quantile delta mapping [4,8] was used to adjust the
marginal distributions along the iteration cycles. Here, we use the same quantile mapping algorithm as
in M2 instead of quantile delta mapping when bias correcting the marginal distributions of temperature
and precipitation. Doing this, the bias corrected temperature and precipitation distributions are
identical in M2 and M4. No smoothing was applied to the marginal distributions in the rotation
step, as this would had contracted the underlying joint distribution of observations and the control
period simulation. The algorithm was terminated after 50 iterations, which should be sufficient for the
algorithm to converge to the target distribution, as illustrated by Cannon [17]. The implementation of
M4 was based on the R package [39] available in the CRAN repository [40].

To take biases in the annual cycle into account, daily mean temperature and precipitation time
series were adjusted on a monthly basis at each sub-model domain. As sampling errors are likely to
affect the estimation of simulated changes (M1) and biases (M2–M4) in the GCM-RCM distributions,
the effect of increased sample size on method performance was addressed by using both one- and
two-month time windows when estimating model biases and simulated changes from GCM-RCM
simulations. Using an even larger time window could in principle reduce the sampling noise [41],
although with the expense of possibly introducing systematic biases to the future results. Tests with
longer time windows did not show significant changes in the results, although a more systematic
comparison would be needed to fully assess the potential benefits of reducing sampling noise.

To illustrate how each method represents the dependence structure in the calibration period,
Figure 2 shows differences in the empirical copula density for the wet-day values of temperature and
precipitation in comparison to the WFDEI copula in winter months of years 1981–2010 in the Tornio
sub-model. The copula density has been estimated as a 2-dimensional histogram of the normalized
ranks for both variables (see a more detailed description in Section 2.6). The density values can
be interpreted as the ratio of the joint probability density to the case, where both variables were
independent from each other. For example, values larger than one suggest a larger-than expected joint
probability density in this part of the two-dimensional space. Differences in the empirical copula density
roughly denote the difference in the strength of dependence for particular cumulative probability
values of both temperature and precipitation. The panel for the reference data shows that temperature
and precipitation are positively correlated in this example (the highest values slope from bottom-left to
top-right). By design, M1 takes the inter-variable relationships directly from the reference. In contrast
to the delta change mode, M2 inherits the multivariate dependence structure from the uncorrected
GCM-RCM simulation (M0), with some modifications to it due to changes in the fraction of wet
days [42]. Therefore, these methods can be thought to give the “limits” in which the multivariate
methods can operate on adjusting the inter-variable correlations. Although the dependence structure
of temperature and precipitation can be reasonably modeled using Gaussian copula on monthly scales,
this might not be as feasible at daily scales, at least in cold climates. From Figure 2, it is immediately
seen that although the Pearson correlation coefficient is well captured by M3, the overall copula
structure shows noticeable deviations from the target distribution. In this particular case, M3 tends to
overestimate the strength of the co-occurrence of low precipitation intensities and medium temperature
values. Although the behavior of M3 strongly depends on the selected GCM-RCM, season and location,
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this example highlights the importance of evaluating the full multivariate dependence structure to
reveal such issues. In contrast to M3, M4 performs very well in capturing the WFDEI dependence
structure and differences in the copula density field are small in most parts of the distribution.
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Figure 2. Empirical copula density of wet-day (P > 0.1 mmd−1) precipitation and temperature in
winter months (December-January-February) estimated from the reference data (WFDEI) in Tornio
river catchment separately for each sub-basin and then averaged over the whole domain. In addition,
differences in the estimated densities, when compared against WFDEI, are shown for CNRM-A
GCM-RCM without bias adjustments (M0) and after applying each of the four methods (M1–M4) in
the baseline period (1981–2010). The sub-model-averaged Pearson correlation coefficient is also shown
on the top-left corner of each panel.

As another example, Figure 3 shows how the four methods capture the hydrological conditions
in the Tornio sub-model, when adjusting the GCM-RCM simulations against WFDEI in the baseline
period (1981–2010). For simplicity, a one-month time window has been used when estimating the
simulated changes and biases in the GCM-RCM simulations. As expected, M1 has essentially a perfect
correspondence with the observed hydrological conditions. The remaining biases in temperature and
precipitation are very similar for M2 and M4 but not identical as small differences arise from the
re-shuffling of daily values over the full 32-year period in M4, which is an inherent property of this
and many other multivariate bias correction methods. Furthermore, M3 shows a very similar pattern
for temperature, while the differences to M2 and M4 are more visible in the remaining precipitation
biases. The differences between the methods are also visible in the annual monthly mean cycle of
different aspects of the simulated surface hydrology. The differences to WFDEI are largest for M3 in
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most cases, which is expected, as the (potentially sub-optimal) parametric marginal distributions used
in M3 match the GCM-RCM-simulated temperature and particularly precipitation less accurately with
WFDEI than the non-parametric versions used in M2 and M4. Apart from M1, M4 has generally the
smallest differences to WFDEI, particularly in total runoff and snow water equivalent, although the
remaining evapotranspiration biases are similar for M2 and M4.

Figure 3. A real-world example showing the annual cycle of (a) daily mean temperature, (b) precipitation,
(c) total runoff, (d) evapotranspiration, (e) snow water equivalent and (f) soil moisture in the Tornio
river catchment in years (solid lines) 1981–2010 and (dashed lines) 2061–2090 separately for each of the
GCM-RCMs when adjusted against WFDEI using the four (M1–M4) bias correction and delta change
methods. To readily illustrate differences in comparison to WFDEI, the remaining biases in 1981–2010 are
shown below the annual cycle panels separately for each method and variable.

2.5. Pseudo-Reality Framework

To make inferences on the potential future performance of the selected univariate and multivariate
methods, intermodel cross-validation is performed using the so-called pseudo-reality approach
(Figure 4). In the first stage, one GCM-RCM at a time is used as the verifying model (i.e., pseudo-reality)
against which the rest of the models are adjusted using the selected methods. The bias adjusted
simulations are then compared against the pseudo-reality GCM-RCM with a set of performance
measures. The resulting cross-validation statistics are then averaged over all pseudo-realities to
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obtain an overall view of the bias correction performance in changing climatic conditions. The same
framework is applied to the hydrological simulations to see to what extent the relative performance
of the selected MOS methods differs when inspected from the hydrological modeling point of view.
To this end, the bias adjusted temperature and precipitation time-series are used as input to the
E-HYPE sub models, which are then run to simulate the future hydrological conditions in the selected
catchments. Hydrological simulations are cross-validated in a similar manner as the GCM-RCM
simulations using complementary performance measures.

Figure 4. An illustration of the pseudo-reality framework procedures in the baseline period, applied
both from climate modeling and hydrological modeling perspectives.

In order to improve the applicability of the pseudo-reality approach to hydrological simulations,
two ways to construct pseudo-realities were tested (Figure 4): (a) raw GCM-RCM simulations were
used as pseudo-realities without taking biases in relation to observations (i.e., WFDEI) into account [25];
(b) the annual cycle of the GCM-RCM acting as pseudo-reality was adjusted to biases in comparison
to WFDEI by simply removing the mean bias at each day of the annual cycle using a 30-day sliding
window. Daily adjustments were applied instead of monthly ones in order to avoid additional jumps in
the annual cycle of the pseudo-reality time series. This shift in the mean values obviously alters the bias
between pseudo-reality and the verifying models but leaves the changes in this relatively untouched
(see Figure S2 in supplementary material). The motivation for the second approach is apparent: biases
in relation to the observed climate are substantial in some of the selected GCM-RCMs, which leads to
unrealistic hydrological model behavior both in the pseudo-reality runs and the verifying hydrological
simulations. For example, substantial cold biases at high altitude regions in Sava sub-model and
during winter in Tornio sub-model cause unrealistic volumes of snow to accumulate throughout the
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simulation periods. We argue that without this additional bias adjustment step the use of GCM-RCMs
as pseudo-realities when cross-validating bias adjustment methods from hydrological modeling
perspective might not be reasonable due to unrealistic shifts in hydrological regimes. One should note
that although the intention is to keep the daily variability in the pseudo-reality time series untouched,
the multiplicative scaling applied to daily precipitation slightly modifies the spread of precipitation
distributions both in the baseline and scenario periods. This also slightly changes the daily variability
of hydrological simulations accordingly.

2.6. Metrics for GCM-RCM Simulations

To assess the general similarity between the empirical cumulative probability distributions of the
predicting models Fpred and the GCM-RCM acting as pseudo-reality Fver, 2-sample Cramér–von Misés
(CM) statistic [43] was calculated according to

CM = A
〈 mn
(m + n)2

{ m

∑
i=1

[
F̂pred(xi)− Fver(xi)

]2
+

n

∑
j=1

[
F̂pred(yj)− Fver(yj)

]2 }〉
, (3)

where ˆ( ) denotes the pooled sample of the four predicting GCM-RCM simulations, while m and n are
the numbers of values within the pooled sample (x) and in pseudo-reality (y), respectively. The actual
calculations were made for binned data using bin widths of 1 ◦C and 1 mmd−1 and the same number of
bins with identical bin boundaries for both predicting GCM-RCMs and the pseudo-reality GCM-RCM.
A〈〉 indicates an average over 12 months and the area of a sub-model. CM measures the similarity of
two empirical distributions in probability space and puts more weight on discrepancies in the tails of
the cumulative distributions than the widely used Kolmogorov–Smirnov statistic, which measures the
maximum distance between the cumulative probability distributions. Comparison with these statistics
did not reveal significant differences, and the results are shown only for CM.

The second statistic, mean absolute error (MAE), was calculated over quantiles i (i ∈ [1, ..., 100])
of the predicting and verifying (i.e., pseudo-reality) model distributions following

MAE = A〈|F̂−1
pred(i)− F−1

ver(i)|〉, (4)

where A〈〉 encompasses averaging over the distribution quantiles in addition to temporal and spatial
averaging. The analysis was also repeated using the mean squared error, but the results did not show
substantial differences to MAE. Thus, the relative method performance is illustrated in terms of MAE
in the remainder of the paper.

Two statistics measuring errors in inter-variable correlations were calculated. First, to assess to
what extent the linear correlation is modified by different methods, MAE in the Pearson correlation
coefficient was calculated between the average correlation coefficient of the four verifying models and
pseudo-reality, averaged in a similar manner as in Equation (3). Secondly, to evaluate the remaining
errors in the full dependence structure, the empirical copula density was approximated from the
pseudo-observations (u, v), estimated for the ith temperature (x) and precipitation (y) value as
u = rank(xi)/(n + 1) and v = rank(yi)/(n + 1), where n is the number of values for both variables.
These values were binned 2-dimensionally and normalized such that the histogram approximately
corresponds to the copula density. The 2-dimensional binning was done at 0.1 interval. MAE between
empirical copula densities of the predicting GCM-RCMs and pseudo-reality was then calculated
according to

MAEc =
1
n

n

∑
i=1

|ĉ(i)pred − c(i)ver|. (5)

In Equation (5), ĉpred denotes the empirical copula density averaged over the four predicting
models, cver the copula density calculated for pseudo-reality and n is the number of bins used to
estimate the copula density. In the following, the subscript c is dropped for brevity. MAE based on
kernel density estimates were also tested but the resulting statistics depended substantially on the used
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kernel method and the kernel width and thus, were not considered further in this study. To reduce the
effect of sampling noise to the results, temperature-precipitation pairs were pooled over the area of
each sub-model and season before estimating the empirical copula densities. Identical values were
handled using the same approach as in Gennaretti et al. [35]: ranks were first given randomly to
identical values before estimating the empirical copula density. This was repeated 10 times and the
final copula density was calculated as the average of the randomly ranked estimates. Despite being a
simple and not a proper goodness-of-fit measure, this statistic readily illustrates how well each method
is capable to adjust the full dependence structure. Gennaretti et al. [35] briefly pointed out that the
measured performance depended on whether dry days were included when estimating the empirical
copula density. While the focus is here on the copula density including the full time-series, the results
for the wet-day copula can be found from the supplementary material (Figure S3).

2.7. Metrics for Hydrological Simulations

An additional set of cross-validation statistics was calculated for the hydrological indexes.
First, quantile distributions of river discharge Q (i.e., flow-duration curves) were estimated at the
outflow sub-basin of each of the sub-models. The average of the four predicting distributions was
then compared against the pseudo-reality distribution using a logarithmic accuracy ratio (LAR10)
defined as

LAR10 = A

〈 ∣∣∣∣∣log10

(
F̂−1

pred(i)

F−1
ver(i)

)∣∣∣∣∣
〉

, (6)

where A〈〉 has the same meaning as in Equation (4). The statistic is symmetric in the sense that the same
value is assigned for under- and overestimation of the same relative magnitude [17]. This alleviates
the issue of most other relative accuracy measures penalizing overestimation more strongly than
underestimation. In addition to distribution-averaged statistics, LAR10 was also inspected individually
for the 5th (Q5) and 99th (Q99) percentile of the flow duration curve to see how the relative performance
of the selected MOS methods varies in the tails of the monthly flow duration curves.

The analysis of river discharges is complemented by evaluating a set of individual flux and
storage elements, which affect the overall water balance and river discharge generation. To this
end, MAE was calculated for the monthly mean values of total runoff (R), evapotranspiration (E),
soil moisture (S) and snow water equivalent (SWE) in a similar manner as for daily mean temperature
and precipitation. MAE in the mean annual maximum SWE (SWEmax) was also calculated to evaluate
how method differences are reflected in the simulation of highest snow pack depths. This allows
us to make inferences on how the remaining errors in daily mean temperature and precipitation
and in their inter-variable correlations affect the different hydrological elements, as well as to gain
insights on the relative performance of the selected bias adjustment methods in terms of hydrological
modeling results.

3. Results

3.1. Distribution-Averaged Statistics for Daily Mean Temperature and Precipitation

We first inspect the overall performance of the four methods from the GCM-RCM perspective.
Figure 5 illustrates the distribution-averaged cross-validation statistics in the two scenario periods
(see Figure S4 for the statistics in years 1981–2010). When first concentrating on the results shown
for the years 2061–2090, it is seen that bias correction methods M2–M4 slightly outperform M1 in
adjusting the temperature distribution in terms of both CM and MAE. On the other hand, both CM
and MAE of M3 are very close to M2 and M4, which indicates that temperature can be reasonably
modeled using a normal distribution. Although the general picture is mostly similar for precipitation,
CM and MAE give a partially contrasting picture about the relative method performance. The CM
values are smallest and almost identical for methods M2–M4, while the relative performance of M3
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is slightly worse than M2 and M4 in terms of MAE. This might be partially explained by how the
fraction of dry days is explicitly taken into account by M3 in its corrections, while using a gamma
distribution to model the precipitation distribution might not capture biases in it as efficiently as
non-parametric quantile mapping. Using a two-month time window generally reduces errors in
both temperature and precipitation distributions, which is in line with the results of Räisänen and
Räty [21] and Räty et al. [22]. As expected, all methods have substantially smaller errors in the marginal
distributions of temperature and precipitation in comparison to the uncorrected model simulations
(M0) in both periods.

Figure 5. Cross-validated CM and MAE for (a,b) daily mean temperature and (c,d) daily precipitation
distribution in years 2011–2040 (bottom) and 2061–2090 (top). Also shown are the MAE in
(e) the Pearson correlation coefficient and (f) the empirical copula density. Black color denotes
the cross-validation statistics for the pseudo-reality approach without additional adjustments (V0),
while the results for the approach where pseudo-realities have been adjusted to biases in relation
to WFDEI are shown in red (V1). Furthermore, crosses (bars) indicate the results for the one-month
(two-month) time window used to estimate simulated changes or model biases, shown for both V0
and V1. Note that the differences between the one- and two-month time windows are typically small,
as indicated by the small differences between the bars and crosses.

The MAE for the Pearson correlation coefficient and the empirical copula density, when calculated
over the full monthly time-series of temperature and precipitation, is also shown in Figure 5.
The results for the Pearson correlation coefficient show that, although M3 and M4 improve the
results in comparison to method M2, M1 performs slightly better in capturing the linear correlation
between temperature and precipitation than the other methods. Moreover, M4 seems to be susceptible
to the effect of noise, as M3 has a somewhat smaller MAE when the one-month time window is
used. The situation is slightly different when the MAE in the empirical copula density is considered.
While M1 has again the best performance out of all methods, M2 has now MAE values which are
closer to the bi-variate methods. The modest improvement obtained with M4 in comparison to M1
is again at least partially related to the small sample size, as indicated by the reduction in the MAE
values for the two-month time window. Yet, this highlights the difficulty to robustly estimate biases in
inter-variable correlations in a changing climate. As M1 has a superior performance in terms of both of
the two measures regardless of the period considered, this suggests that the inter-variable correlations
do not change substantially among the selected models and within the studied regions.

The bottom row shows the cross-validation statistics for the near-term scenario period (2011–2040).
As expected, the remaining errors are generally smaller for all methods in this period. The marginal
distributions of both temperature and precipitation are slightly better captured by method M1 in
comparison to other methods, while the relative performance of other methods does not show marked
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differences between the two periods. Furthermore, the MAE in the Pearson correlation coefficient and
the copula density indicate a slightly improved performance for M3 and M4 in comparison to M1,
although M1 still has the smallest MAE in all cases.

In qualitative terms, the cross-validation statistics are similar for temperature and precipitation
regardless of the pseudo-reality approach. By far, the largest differences are shown by method M0
for which the cross-validation statistics calculated for temperature deteriorate when correcting the
pseudo-reality GCM-RCM toward WFDEI (V1), while the opposite happens for the precipitation
statistics. For temperature, the larger MAE in V1 is explained by the systematic cold bias within
the GCM-RCM ensemble. However, for methods M1-M4 the results are mostly similar between
the two pseudo-reality approaches, although the cross-validation statistics for the temperature
and precipitation distributions tend to be slightly worse for the two-month time window after
pseudo-realities have been adjusted against WFDEI (V1). This suggests that, from the climate modeling
perspective, the additional adjustment step does not substantially modify the cross-validation statistics
apart from the uncorrected model simulations, backing up its use in the hydrological modeling step.

While not the specific target of this study, it should be mentioned that an inherent property of
M4 is that in order to obtain correct ranks for each temperature and precipitation pair, both time
series need to be temporally re-ordered. This is to a lesser extent an issue in M3, in which only
the temporal sequence of precipitation is potentially modified. As the temporal re-ordering might
affect the hydrological simulations, a modified version of M4 was tested. First, the time series of
uncorrected temperature and precipitation were divided into dry and wet days in a similar manner as
in M3. Next, M2 was applied separately on wet-day and dry-day distributions to retain the improved
statistics for them, as obtained with M4. Finally, the N-pdft algorithm was applied only on wet-day
distributions of temperature and precipitation. Tests with the modified algorithm showed, however,
that although the cross-validated MAE of both correlation measures decreased slightly, changes in
the cross-validation statistics for hydrological variables in comparison to the original method varied
non-systematically depending on the season, region and variable considered (not shown) and, thus,
did not offer systematic improvements in comparison to the original algorithm.

3.2. Cross-Validation Statistics for Hydrological Simulations

3.2.1. Spatially Distributed Variables

How are the differences in the ability of the four methods to adjust the joint distribution of
temperature and precipitation reflected in the hydrological simulations? Figure 6 shows the average
cross-validation statistics for the five hydrological components (R, E, S, SWE and SWEmax) in the
two scenario periods (see Figure S5 for the statistics in years 1981–2010). For clarity, the results are
shown only for the two-month time window in the remainder of the paper. When looking at the
MAE in monthly mean runoff (R) in the late 21st century period, it is seen that M4 outperforms the
other methods in pseudo-reality approach V0, although the differences are small in comparison to M1.
In pseudo-reality approach V1, however, MAE is practically identical for M1–M2 and M4. M3 has
a somewhat worse performance than the other methods, which is likely caused by the larger remaining
errors in the precipitation distribution than for the other methods. When evapotranspiration (E) as
simulated by HYPE is considered, bi-variate methods M3 and M4 have the smallest MAE in monthly
mean values and M3 actually has the smallest MAE in pseudo-reality approach V0. In addition,
the results for E illustrate a side-effect of the additional pseudo-reality adjustment (V1): the MAE in E
is systematically larger in V1 for all methods, as the systematic underestimation of temperature in V0
likely leads to too weak evapotranspiration in comparison to real-world hydrological simulations.

We next take a look at the cross-validation statistics for the two storage variables. The MAE of
soil moisture (S) is almost identical for all methods, which indicates that it is relatively insensitive
to the adjustment of daily-scale inter-variable correlations. The small differences between the four
methods tend to follow those seen in the MAE calculated over the precipitation distribution, as the
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MAE is smallest and almost identical for methods M4 and for M2. The last two panels in Figure 6
show the MAE of the monthly mean SWE and SWEmax. These results illustrate the main benefit of
pseudo-reality approach V1. As predicted, the adjustment of pseudo-reality GCM-RCMs reduces biases
in snow variables, although with the expense of increased MAE for E, as discussed before. This also
causes differences in the relative ranking of the correction methods between the two pseudo-reality
approaches (V0 and V1); M4 performs slightly worse in relation to M1 in reality approach V0, whereas
the opposite is seen after adjusting the pseudo-reality GCM-RCMs towards WFDEI (V1). Overall,
these results indicate that the simulation of most hydrological aspects is only marginally improved by
joint bias correction and that the accurate adjustment of marginal distributions plays a more important
role, at least when only temperature and precipitation are used as input in a hydrological model,
such as HYPE.

Figure 6. Similar to Figure 5 but for the cross-validated MAE of monthly mean (a) total runoff,
(b) evapotranspiration, (c) soil moisture, (d) snow water equivalent and (e) the mean annual maximum
of snow water equivalent in years (bottom) 2011–2040 and (top) 2061–2090.

The cross-validation statistics for the near-term scenario period are in line with the corresponding
statistics of temperature and precipitation, with generally smaller errors in all studied hydrological
aspects than in the later scenario period. The relatively better performance of M1, when adjusting
the joint distribution of temperature and precipitation at that time is to some extent reflected in the
hydrological simulations (bottom of row Figure 6), as R, E and S are all better captured by M1 in the
near-future period. In contrast to the later scenario period, M2 and M4 have smaller MAE values in
monthly mean evapotranspiration than M3. The cross-validation statistics of monthly mean SWE and
SWEmax show the largest differences between bias adjustment methods also in this period, indicating
that method choice is most important for this variable from the studied hydrological aspects.

3.2.2. Evaluation of Future River Discharges

The analysis is complemented by illustrating the cross-validated LAR10 for Q5, Q99 as well
as for the distribution-averaged LAR10 in the two scenario periods (Figure 7). The absolute values
of LAR10 vary to some extent between the two pseudo-reality approaches. For example, LAR10
of Q5 is systematically smaller in V1 for all methods (apart from M0) in both periods, while the
opposite is seen in the Q99 in the early 21st century period. Furthermore, the performance of all
methods is extremely consistent when the distribution-averaged LAR10 is considered. Methods M2
and M4 have a marginally smaller LAR10 than M1 and M3, while in the earlier scenario period
method M1 performs equally well or even better than M2 and M4. Also the best performing method
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depends on the pseudo-reality approach when low flows (Q5) are considered. In V0, method M2
somewhat outperforms the other methods in both periods, while in V1 method M3 has a slightly better
performance in comparison to the other methods. On the other hand, M1 has the largest LAR10 values
in both periods, which is probably related to the larger errors in temperature and evapotranspiration
accordingly. The simulation of Q99 seems to marginally benefit from the adjustment of inter-variable
correlations, as M4 has the smallest LAR10 among the four methods, particularly in years 2011–2040.
Again, the LAR10 is larger for M3 than for the other methods, most likely due to the combination of
the aforementioned issues.

Figure 7. Similar to Figure 5 but for the cross-validated LAR10 in (a) the 5th and (b) 99th percentile
of flow duration curves shown together with (c) the distribution-averaged LAR10 in years 2011–2040
(bottom) and 2061–2090 (top).

3.3. Temporal and Spatial Variations in the Cross-Validation Statistics

Seasonal and spatial variations in both the relative performance of the studied methods and
contributions of different hydrological processes are reflected in the cross-validation statistics for the
hydrological simulations. To better infer the reasons for these variations, Figures 8 and 9 show matrices
of cross-validated MAE for different aspects of the joint distribution of temperature and precipitation
and the distributed hydrological variables in winter and summer seasons in the four sub-models
(see Figures S6 and S7 for the same statistics in spring and autumn seasons). In absolute terms the
largest MAE values for temperature are seen in Tornio in both seasons, while for precipitation the MAE
is generally largest in Sava. The pattern is less clear for the correlation measures, which show larger
variations between the four regions. The numeric values in the panels denote the percentage difference
to M1. These values indicate that methods M2–M4 perform better than M1 in most cases in winter,
while in summer the temperature is relatively well captured by M1. On the other hand, the statistics
for both correlation measures indicate that M2 has systematically poorer performance than the other
methods and the relative difference is particularly large in Tornio and Ems. The most striking feature
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in Figure 8 is the consistently better performance of M1 in capturing the empirical copula density when
compared to the other methods, regardless of region or season; apart from M4, which has a relatively
similar performance in winter, M1 outperforms the other methods by a large margin.

When the cross-validation statistics for temperature and precipitation are compared against the
statistics for the hydrological variables, it is evident that the relative differences between the methods
are mostly explained by their capability to adjust the marginal distributions of temperature and
precipitation, particularly in those regions and seasons, where snow processes play a less important
role in the hydrological cycle. Backing up the previous conclusions, the added value of the adjustment
of temperature and precipitation dependence structure, as indicated by differences between methods
M2 and M4, is most visible in Tornio and Sava sub-models, where M4 systematically improves the
simulation of SWE. The link between the improved simulation of SWE and improvements in total
runoff and soil moisture is apparent, as M4 has a smaller MAE than M2 in both variables. Tornio and
Sava also show the largest differences between pseudo-reality approaches V0 and V1, as SWE has
substantial errors remaining even in summer in Tornio, when V0 is used.

Results from the previous section suggest that quantile mapping applied as a delta change method
(M1) has a relatively robust performance from a hydrological modeling perspective. On sub-model
scale this is only partially true, as M2 and M4 tend to have better performance in the northern
sub-models, while M1 performs particularly well in Sava catchment. However, the relative differences
are small in many cases also in other regions, which suggests that the delta change approach might
be a good alternative for bias correction. From individual methods, M3 has largest variations in its
relative performance between the four sub-models and two seasons. These variations seem not to be
solely due to issues with the marginal distributions, and in Tornio, for example, failures to capture the
full dependence structure in winter (cf. Figure 2) might deteriorate the statistics for M3.

Figure 8. Panels showing the cross-validated MAE (colors) of (a) daily mean temperature, (b) daily
precipitation, (c) Pearson correlation coefficient and (d) empirical copula density separately for
each method (panel rows) at each hydrological sub-domain (panel columns) in years 2061–2090,
when two-month time window has been used to estimate simulated changes or model biases. Values for
the pseudo-reality approach V0 (V1) are plotted in the upper (lower) triangle of each cell and are shown
separately for (top) winter and (bottom) summer months. In addition, percentage differences to M1
are shown as numeric values for each element.
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Figure 9. As in Figure 8 but shown for monthly mean (a) total runoff, (b) evapotranspiration, (c) soil
moisture and (d) snow water equivalent.

4. Discussion and Conclusions

This paper presents the results from a study in which two joint bias corrections methods applied
in the bi-variate mode are compared against quantile mapping applied both traditionally and in
the delta change mode using five EURO-CORDEX GCM-RCM simulations as a proxy for the future
climate. The evaluation is two-fold: first, cross-validation is performed to obtain quantitative estimates
for the relative method performance in the early and late 21st century conditions, when applied to
construct future projections of the joint distribution of daily mean temperature and precipitation;
second, these projections were fed to a hydrological model to assess, whether or not the bi-variate
adjustments improve future hydrological simulations in comparison to univariate quantile mapping.

The main results of these exercises are summarized as follows:

• By design, joint bias correction brings the inter-variable correlations closer to the observed
one in the baseline period. In particular, the iterative N-pdft algorithm (M4) reproduces the
full dependence structure (as measured by the MAE in the empirical copula density) well in
comparison to univariate quantile mapping (M2). The adjustment of inter-variable correlation in
M3 might fail in certain situations, as the method tends to have larger remaining biases in the
copula structure in winter conditions in HYPE Tornio sub-model.

• Cross-validation statistics in years 2011–2040 and 2061–2090 indicate that although the correlation
structure is improved in terms of Pearson correlation, the benefit of bi-variate methods is less
clear when the full dependence structure is considered. Part of the modest improvement is likely
explained by the limited sample size, which might lead to over-fitting to the present-day climatic
conditions. On the other hand, quantile mapping applied in the delta change mode (M1) often
performs better than the other methods, which indicates that retaining present-day correlation
structures of temperature and precipitation might be sufficient also in future projections.

• The results suggest that the pseudo-reality approach is potentially useful for evaluating the
relative performance of bias adjustment methods from hydrological modeling perspective in the
future climate. However, to improve the validity of the conclusions in these types of studies,
the implementation of pseudo-reality framework needs to be designed on case-by-case basis,
for example by first bias adjusting the pseudo-reality GCM-RCMs to avoid unrealistic shifts in
hydrological regimes.
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• For the hydrological variables, the bi-variate approaches offered no substantial advantage
over the univariate methods with M4 often having similar performance to M2. Only marginal
improvements in comparison to methods M1 and M2 are seen in the cross-validation statistics
for high flows and for the monthly mean and annual maximum snow water equivalent in
Tornio and Sava. Although quantile mapping applied as a delta change method (M1) has slightly
poorer performance in projecting marginal distributions of temperature and precipitation than
quantile mapping-based bias correction (M2) and its bi-variate version (M4), the cross-validation
statistics indicate that it has a relatively good ability to capture the future hydrological conditions.
Nevertheless, for the hydrological variables studied (apart from snow), there were only small
differences in cross-validation statistics between the tested methods, indicating that care should
be taken when selecting MOS methods for particular purposes and (ideally) several methods
should be used in parallel. Overall, the results highlight the difficulty to illustrate the added
value of more complex methods, when applying them in producing projections for daily mean
temperature and precipitation.

The main shortcoming of this study is the limited number of GCM-RCM simulations available for
cross-validation tests, and optimally a larger set of model simulations should be used. Furthermore,
the response to different bias correction and delta change algorithms is likely dependent on the
hydrological model and the used parameterisations. For example, earlier studies have shown e.g., [44]
that projections for evapotranspiration based on parameterising potential evapotranspiration using
only temperature are not suitable for all climatic conditions. Furthermore, snow processes were
parameterized in the HYPE simulations using a simple degree-day algorithm, which does not take
solar radiation and other meteorological factors into account. More complex parameterizations,
which require multiple variables as input, should be evaluated in further studies. If bias correction
of a higher dimensional joint distribution were required, more sophisticated bias correction methods
could, at least in principle, provide larger improvements in comparison to univariate methods,
depending on the available data for robust calibration. This has been demonstrated by Cannon [17],
who showed that M4 performs very well when adjusting a higher dimensional distribution for
Canadian Forest Fire Weather Index calculations in the present-day climate. Moreover, different
implementations of M3 could also be studied in future research. Most importantly, Gaussian copula
is unlikely to be the optimal choice for describing the temperature and precipitation dependence
structure in some cases and the use of other copulas should be further explored.

The presented framework allows to make some inferences about the ability of bias correction
and delta change methods in constructing projections for future climate and their applicability from
hydrological modeling perspective, an information of major interest to the impact modeling community.
However, these tests are not sufficient alone to determine whether a particular method is suitable for
climate change assessments. Additional tests such as those implemented in the VALUE framework [24]
should be conducted to obtain a complete picture of benefits and limitations of bias correcting
inter-variable correlations. As discussed above, the used approach does not easily allow to evaluate
the potential benefits/adverse effects of the modification of temporal sequencing to the hydrological
model results, which would require temporally synchronized model simulations and reference data.
Furthermore, the effect of errors in the spatial representation of climate model output caused (e.g.,)
by differing topography should be studied comprehensively to see how sensitive future hydrological
simulations are to the correct representation of spatial fields.

Supplementary Materials: Figures S1–S7 are available online at http://www.mdpi.com/2225-1154/6/2/33/s1.
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Abstract: This study investigated potential changes in future precipitation, temperature, and drought
across 10 hydrologic regions in California. The latest climate model projections on these variables
through 2099 representing the current state of the climate science were applied for this purpose.
Changes were explored in terms of differences from a historical baseline as well as the changing
trend. The results indicate that warming is expected across all regions in all temperature projections,
particularly in late-century. There is no such consensus on precipitation, with projections mostly
ranging from −25% to +50% different from the historical baseline. There is no statistically significant
increasing or decreasing trend in historical precipitation and in the majority of the projections on
precipitation. However, on average, precipitation is expected to increase slightly for most regions.
The increases in late-century are expected to be more pronounced than the increases in mid-century.
The study also shows that warming in summer and fall is more significant than warming in winter
and spring. The study further illustrates that, compared to wet regions, dry regions are projected to
become more arid. The inland eastern regions are expecting higher increases in temperature than
other regions. Particularly, the coolest region, North Lahontan, tends to have the highest increases
in both minimum and maximum temperature and a significant amount of increase in wet season
precipitation, indicative of increasing flood risks in this region. Overall, these findings are meaningful
from both scientific and practical perspectives. From a scientific perspective, these findings provide
useful information that can be utilized to improve the current flood and water supply forecasting
models or develop new predictive models. From a practical perspective, these findings can help
decision-makers in making different adaptive strategies for different regions to address adverse
impacts posed by those potential changes.

Keywords: California; hydrologic regions; warming; drought

1. Introduction

Understanding hydroclimatic changes and trends is of important scientific and practical
significance for water resources management [1,2]. In particular, this understanding helps:
(1) characterize the behavior of hydroclimatic variables (e.g., precipitation and temperature) as well as
extreme events (e.g., droughts); (2) inform the development and enhancement of predictive tools to
forecast future occurrence of these events; and (3) develop mitigation and adaptation plans to minimize
the adverse impacts of unavoidable changes. This is particularly critical in arid and semi-arid areas
including the State of California.

As the home to more than 37 million people [3] and a top-ten economy in the world, California’s
growth has been largely dependent on its ability to manage limited water resources [4]. In California,
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most of the precipitation falls in the northern half of the state, while the majority of the demand
comes from the southern half where most of the population and farmlands are located. In addition,
available water for supply in the state mostly comes during the wet season (November to April) as
most precipitation falls in this period, while the demand is typically the highest in the dry season
(late spring and summer) [5]. Furthermore, the state is prone to hydroclimatic extremes [1], with the
most recent examples being the record-setting 2012–2015 drought and flooding in 2017. In the face
of the geographically and temporally uneven distribution of water resources, the state traditionally
relies on statewide and regional water storage and transfer projects, including the State Water Project
(SWP) and the Central Valley Project (CVP), to redistribute water to meet multiple and often competing
water management objectives [6]. However, the system was designed using hydroclimatic data of
the first half of the 20th century. Since then, significant changes have been observed and reported,
including increasing temperature, declining mountain snowpack, earlier snowmelt and streamflow
peaking, higher percentage of precipitation falling as rainfall rather than snowfall, and increasing
sea level, among others [7–17]. Those changes would likely amplify and accelerate in the future as
the state’s hydroclimate continues to change in a changing climate. In addition, as the population
and economy continue to grow, natural hazards including extreme flooding and drought events pose
a greater risk [18,19]. Those factors collectively make reliable water supply and drought and flood
management in the state unprecedentedly challenging [20].

In light of their importance, many studies have focused on characterizing potential future
hydroclimatic events in California [21–30]. These studies mostly used climate model projections
from the Coupled Model Intercomparison Project Phase 3 (CMIP3) [31], which were produced more
than a decade ago and do not represent the latest climate science. There are a few exceptions [21,24,25]
that employed the latest climate model projections from the Coupled Model Intercomparison Project
Phase 5 (CMIP5) [32]. However, these studies generally focused on spatial scales not directly relevant
to water resources management practices. For instance, Sun et al. [24] selected mountainous areas in
Southern California as their study focus. In addition, the linear regression approach was generally
used in trend assessment in those studies. The results of this method are largely affected by the starting
and ending values of the study data and subject to the assumption of normality.

The objective of this study was to provide an assessment of the changes (from historical baseline)
and trends of projected precipitation and temperature along with the trends in projected drought over
California. This study extended beyond relevant previous studies in terms of: (1) focusing on the scale
consistent with the water resources planning and management practices in the state; (2) using climate
projections that reflects the latest climate science; and (3) applying the widely-used non-parametric
Mann–Kendall approach in trend analysis. Compared to the traditional linear regression method,
this method requires less assumption on data distribution and is less affected by the beginning and
ending values of the study data. Specifically, the current study was built upon a previous study [14]
that explored changes in historical precipitation, temperature, and drought in California. However,
the current study differs from [14] in terms of study variables, study metrics, study method, study
period, and study purpose. Particularly, this study aimed to offer insight into potential changes to
California’s hydroclimate on the scale meaningful for water resources management practices and to
inform decision-makers in developing strategies to cope with these changes.

2. Materials and Methods

2.1. Study Area and Dataset

Different from the previous study [14] that looks at seven climatic divisions in California, the
current study focuses on the 10 hydrologic regions (Figure 1 and Table 1) defined by the California
Department of Water Resources (DWR) for operational water resources planning and management
purposes [5]. These regions include four coastal regions (North Coast, San Francisco Bay, Central
Coast, and South Coast), three Central Valley regions (Sacramento River, San Joaquin River, and Tulare
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Lake), and three Eastern regions (North Lahontan, South Lahontan, and Colorado River). For each
of these three categories (Coastal, Central Valley, and Eastern), climate tends to be drier towards the
southern regions.

Figure 1. Ten hydrologic regions in California: North Coast (NC), San Francisco Bay (SF), Central
Coast (CC), South Coast (SC), Sacramento River (SAC), San Joaquin River (SJQ), Tulare Lake (TUL),
North Lahontan (NL), South Lahontan (SL), and Colorado River (CR). Dots represent the centroid
points of individual climate projection grids (1/16th degree) located in each region.

Table 1. Geographic and climatic characteristics of study hydrologic regions.

ID Region Name Area (km2)
Annual

Precipitation
(mm)

Annual Mean
Temperature

(◦C)

Population
(as of 2010;

Million)

NC North Coast 49,859 1390 9.3 0.81
SF San Francisco Bay 11,535 641 14.3 6.35
CC Central Coast 28,995 504 13.0 1.53
SC South Coast 27,968 459 15.6 19.58

SAC Sacramento River 69,750 925 11.4 2.98
SJQ San Joaquin River 38,948 680 12.8 2.10
TUL Tulare Lake 43,604 408 13.9 2.27
NL North Lahontan 15,672 542 6.4 0.11
SL South Lahontan 68,434 191 15.2 0.93
CR Colorado River 51,103 127 20.2 0.75

The North Coast region contains the California Coast Ranges, the Klamath Mountains, and parts
of the Modoc Plateau [5]. The eastern side of the region is mostly mountainous with crests around
1800 m (6000 ft) and a few more than 2400 m (8000 ft) in elevation. It is the wettest region in terms of
annual precipitation received (1390 mm; Table 1). As such, the region is prone to flooding. Major floods
were recorded in 1955, 1964, 1986, 1997, 2006, and 2017. The San Francisco Bay region is the smallest in
size. It is bounded by the Pacific Ocean on the west and Coast Ranges on the east where the peaks are
above 1200 m (4000 ft) in elevation. The region faces multiple water management challenges including
an unreliable water supply, declining water quality and ecosystems, increasing flood risks, and threats
posed by sea level rise to coastal areas. The Central Coast region is the most groundwater-dependent
region. Groundwater supplies about 80% of its total water usage. The water management challenges
of this region include managing groundwater quality and overdraft, sea water intrusion, and flood
risks. The South Coast region is the most urbanized and populous region. It accounts for about 7% of
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the state’s total area but accommodates more than half of the state’s population. As a result, water
supply is always a concern of local water managers. The region is also prone to flooding including
debris flows and mud slides, particularly in areas where hillsides have been damaged by wildfires.
It is the driest and warmest region in the coastal regions (Table 1).

Central Valley regions are the major water supply sources for the state, of which the Sacramento
River region is the primary source. It is the largest and second wettest region (925 mm/year; Table 1) of
all 10 hydrologic regions. It contributes a majority portion of the water supplied to the SWP and CVP.
The region is bounded by Coast Ranges on the west and Sierra Nevada on the east. In this region, about
one in three residents is exposed to a 500-year flood event. The region has approximately $65 billion
of assets, 1.2 million acres of farmland, and over 340 sensitive species [5]. Major floods in the region
normally originate from extreme atmospheric river events during the winter. The San Joaquin River
region receives less precipitation than the Sacramento River region. It is also bordered by the Sierra
Nevada on the east. However, Sierra Nevada watersheds in this region are higher in elevation, making
them more dominated by snow compared to Sacramento River region watersheds. Floods in this
region come from both winter rainfall and melting Sierra snowpack [5]. The Tulare Lake region is the
driest in the Central Valley and one of the driest regions in the state. It is the largest agricultural region
in the state heavily relying on groundwater and imported water supply. Groundwater pumping in
this region accounts for more than 38% of the state’s total annual groundwater extraction. The region
is also prone to floods caused by winter rainfall and spring snowmelt.

The eastern regions are the least populous. The North Lahontan region accommodates
approximately 0.3% of the state’s population. It comprises arid high desert (1200–1500 m in elevation)
in the north and the eastern slopes of the Sierra Nevada (up to 3750 m in elevation) in the central and
southern portions. It is the coolest region in the state (Table 1). In contrast, the Colorado River region
is the hottest. It is also the driest region, receiving only about one tenth of the precipitation received
by the North Coast region. The Colorado River region is, however, also subject to flooding which
threatens about 38% of its population. Different from all other regions, most flooding events occur
from infrequent but high-intensity summer storms in this region. The South Lahontan region is the
second driest region in the state. Precipitation for this region comes from both winter storm events
and summer thunderstorms.

In general, California has a typical Mediterranean-like climate, with the summer (winter) being
dry and warm (cool and wet). This is evident for the 10 regions on the monthly scale (Figure 2). Most of
the precipitation occurs during the wet season (November to April). During that period, those regions
receive 69% (Colorado River region) to 91% (Central Coast region) of their total annual precipitation.
Statewide, 85% of annual precipitation occurs during the wet season. January normally observes the
highest amount of precipitation while July is typically the driest month. Meanwhile, January is the
coolest month while July has the highest average temperature. South Lahontan and Central Coast
regions have the largest (22.1 ◦C) and smallest (10.1 ◦C) variations in monthly temperature, respectively.
Across all regions, the Colorado River region is the driest and hottest. The North Lahontan region is
the coolest and the North Coast region is the wettest. Those observations are consistent with values
shown in Table 1.

This study looked at both the historical and projected precipitation, and maximum and minimum
temperature data. The projections for 2020–2099 were based on climate model simulations from
the Coupled Model Intercomparison Project Phase 5 (CMIP5) [32], which represents the current
state of the climate science. Specifically, 20 individual projections from 10 Climate Circulation
Models (GCMs) under two newly developed emission scenarios named Representative Concentration
Pathways (RCP) 4.5 and RCP 8.5 [33] were selected for the analyses. These 10 GCMs (Table 2) were
chosen by DWR Climate Change Technical Advisory Group and deemed as the most suitable for
California climate and water resources assessment [34]. RCP 4.5 (RCP 8.5) assumes low (high) future
greenhouse-gas concentrations. These projections were downscaled to a very high spatial resolution at
1/16th degree (approximately 6 by 6 km, or 3.75 by 3.75 miles) to better capture the spatial variability
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of the climate via the Localized Constructed Analogs (LOCA) method [35]. This dataset is made
available for California’s Fourth Climate Change Assessment (http://cal-adapt.org/). There are other
ways of selecting representative GCMs models [36,37] for water planning analysis. However, they
are beyond the scope of this study which exclusively used the GCMs recommended by the CCTAG.
These 20 CCTAG-recommended projections have been applied in DWR’s and the California Water
Commission’s planning activities including the Central Valley Flood Protection Plan [38] and the
Water Storage Investment Program [39]. There is no consensus that some of those projections are more
likely to occur than the remaining projections in the future. As a result, these projections are typically
treated equally in planning activities. In this study, we looked at these 20 projections together. When
looking at the mean of future projections on the annual scale, however, the 10 RCP 4.5 projections and
10 RCP 8.5 projections were analyzed separately.
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Figure 2. Long-term (1951–2013) mean monthly precipitation (a) and temperature (b) of
10 hydrologic regions.

Table 2. GCMs Selected for California Water Resources Planning 1.

Model ID Model Name Model Institution

1 ACCESS-1.0 Commonwealth Scientific and Industrial Research Organisation
(CSIRO) and Bureau of Meteorology (BOM), Australia

2 CCSM4 National Center for Atmospheric Research

3 CESM1-BGC National Science Foundation, Department of Energy, National
Center for Atmospheric Research

4 CMCC-CMS Centro Euro-Mediterraneo sui Cambiamenti Climatici

5 CNRM-CM5 Centre National de Recherches Météorologiques/Centre Européen
de Recherche et de Formation Avancée en Calcul Scientifique

6 CanESM2 Canadian Centre for Climate Modeling and Analysis
7 GFDL-CM3 Geophysical Fluid Dynamics Laboratory
8 HadGEM2-CC Met Office Hadley Centre
9 HadGEM2-ES Met Office Hadley Centre/Instituto Nacional de Pesquisas Espaciais

10 MIROC5
Atmosphere and Ocean Research Institute (The University of
Tokyo), National Institute for Environmental Studies, and Japan
Agency for Marine-Earth Science and Technology

1 Adapted from Tables 2–4 of [34].
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The gridded historical observational dataset of these three variables on daily scale for water years
1951–2013 of Livneh et al. [40] (https://data.nodc.noaa.gov/) were employed as the historical baseline.
The spatial resolution (1/16th degree) of this dataset is consistent with that of the LOCA-downscaled
climate model projections. This dataset has been applied extensively in hydrologic modeling and
drought assessment [41–44], and deemed as the best available historical data at this spatial resolution.
In this study, both projected and historical datasets were aggregated from grid scale to (hydrologic)
regional scale in the analyses presented below.

2.2. Study Method and Metrics

2.2.1. Difference from the Baseline

This study employed difference as a parsimonious metric to represent changes in future conditions
from historical conditions. This is a standardized metric applied extensively in climate change related
studies [29]. Specifically, the 40-year period, 1951–1990, was used as the historical baseline period.
Compared to late 1990s and early 2000s, this period is relatively less impacted by anthropogenic climate
change. Additionally, this 40-year window allows enough sample size to represent a wide range of
natural variability in hydroclimatic variables. Similar studies have normally used 30-year periods [34].
Two 40-year future periods, mid-century (2020–2059) and late-century (2060–2099), were considered.
Mean annual precipitation, and maximum and minimum temperature in the baseline period and
future periods were computed and compared. Differences (from the baseline) were subsequently
derived. Specifically, when looking at precipitation variables, the focus was on relative differences
(i.e., percent different from the baseline); for temperature variables, absolute difference (in degree
Celsius) was used.

In addition to annual precipitation and temperature, wet season precipitation and seasonal
temperature were also applied as important indices in planning studies [45]. Wet season precipitation
accounts for a majority portion of the annual precipitation. Seasonal temperature typically affects
water supply and demand. For instance, spring temperature impacts snowmelt timing and amount.
Summer temperature impacts evapotranspiration demand. Changes in wet season precipitation and
seasonal temperature were also explored in this study.

2.2.2. Drought Index

Numerous drought indices have been developed for drought monitoring, assessment and
prediction purposes [46–48]. Among these indices, the most widely used index might be the
Standardized Precipitation Index (SPI) [49] because of its parsimonious (only requiring precipitation
as input) and standardized (can be used across different spatial and temporal scales) nature. Despite
its popularity, more and more studies noted that evapotranspiration also plays an important role in
drought development [50–52]. This is particularly true in a warming climate for dry regions where
evapotranspiration is an important component of the water budget. For instance, the most recent
2012–2015 California drought was a typical “warm drought” characterized by record-low precipitation
and snowpack as well as record-high temperature [45,53–55]. As a result, SPI may not be the most
appropriate index for drought analysis in California which contains many arid or semi-arid areas.

Most recently, based on the same concept employed in defining the SPI, Vicente-Serrano et al. [56]
proposed a Standardized Precipitation-Evapotranspiration Index (SPEI). It first calculates the
discrepancies between precipitation (P) and potential evapotranspiration (PET) on a monthly time
scale (D = P − PET). Monthly discrepancies can be aggregated to other time scales (e.g., 3-month,
6-month, 12-month, among others) to calculate SPEI values at corresponding temporal scales. Next,
a three-parameter Log-logistic distribution is selected to model the discrepancy time series. The
probability distribution function of D is calculated according to the fitted Log-logistic distribution (F(x)).
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Lastly, the SPEI value is determined as the standardized values of F(x) following the approximation of
Abramowitz and Stegun [57]:

SPEI = W − C0 + C1W + C2W2

1 + d1W + d2W2 + d3W3 (1)

where W = −2 ln(p); p is the probability of exceeding a determined D value; and C0, C1, C2, d1,
d2, and d3 are preset constant coefficients. A positive (negative) SPEI value indicates wet (drought)
conditions. Depending on the specific values, a drought event can be classified into different categories.
Typically, a SPEI value less than −2 indicates extreme drought conditions. A value ranging from −2
to −1 denotes moderate drought conditions. A SPEI greater than −1 but less than 0 represents mild
drought conditions.

SPEI has been shown to be a robust index. It compares favorably to other popular drought
indices [58–63]. The PET is calculated using the Thornthwaite equation [64] which only requires
temperature data as input. As such, the SPEI index implicitly considers the impact of temperature
on drought situation, making it suitable in assessing drought conditions in future warming scenarios
(represented by different model projections in the current study). For detailed explanations on the
concept and calculation of the SPEI index, the readers are referred to [56]. The SPEI values on annual
scale (SPEI-12), two-year scale (SPEI-24), three-year scale (SPEI-36), and four-year scale (SPEI-48) were
chosen in this study. Drought occurs in California at those time scales regularly. It is meaningful to
look at future drought at those scales for adaptive planning purpose.

Figure 3 exemplifies the SPEI-12 calculated for the three representative regions from each of the
coastal, Central Valley, and eastern areas in the historical period: (1) the highly urbanized San Francisco
Bay region; (2) the largest water supply source of the State: Sacramento River region; and (3) the driest
Colorado River region. The San Francisco Bay region and the Sacramento River region have similar
patterns due to their geographic proximity. The SPEI index for both regions well captures the 1983
and 1997 wet conditions as well as the 1976–1977, 1988–1992, 2007–2009, and the 2012–2013 droughts.
The Colorado River region differs from those two regions in terms of annual precipitation (driest) and
temperature (hottest). Long-duration droughts occur more frequently after 1990s in this region.

2.2.3. Trend Analysis

The methods applied in climatic and hydrological trend analysis are typically classified into
two types: parametric and non-parametric [65,66]. The latter normally requires fewer assumptions
(e.g., normality of study data) compared to the former. In reality, the assumptions on data
distribution are difficult to satisfy. Therefore, the parametric methods are considered less robust
than the non-parametric methods [66]. Among all non-parametric methods, the Mann–Kendall test
(MKT) [67,68] has been applied extensively in the field of climatology and hydrology [14–16,45,69,70].
The approach first identifies the sign of each possible pair of data in the study time series, followed by
the determination of the corresponding test statistic z. The null hypothesis (H0) assumes no significant
monotonic trend in the time series while the alternative hypothesis suggests otherwise. The null
hypothesis is rejected when |Z| > Z1−α/2, where Z1−α/2 is the probability of the standard normal
distribution at a significance level of α. This study employed the MKT in assessing the significance of
a trend and uses 0.05 as the significance level.
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Figure 3. SPEI-12 of: (a) San Francisco Bay region; (b) Sacramento River region; and (c) Colorado River
region during the historical period (1951–2013). Blue color indicates wet conditions; red color designates
drought conditions. The purple line is the threshold below which extreme drought conditions exist.

This study further applied the non-parametric Theil–Sen approach (TSA) [71,72] to identify the
slope of significant trends determined via the MKT. In this approach, the slope values (vector TS) of
all data pairs are first calculated:

TS =
Vi − Vj

i − j
i = 1, 2, . . . , n; j = 1, 2, . . . , n; i > j (2)

where n is the length of study record period; and Vi and Vj are time series values at time i and j,
respectively (i > j). The median of TS is then used as overall slope of the trend identified for the study
time series. A positive (negative) slope value represents an increasing (decreasing) trend. In this study,
trend analysis is conducted in both historical (1951–2013) and future periods (2020–2099).

3. Results

3.1. Differences from the Baseline

3.1.1. Precipitation

Figure 4 shows the percent differences between historical precipitation and mean (of 10 individual
RCP 4.5 projections) projected precipitation in mid-century (Figure 4a,b) and late-century (Figure 4c,d),
respectively, on both the annual scale (Figure 4a,c) and during the wet season (Figure 4b,d). It is
evident that all regions are expecting increases in precipitation during the wet season, with increases
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ranging from 2.8% (1.5%) to 9.8% (10.5%) in mid-century (late-century). This observation implies that
future storms in the wet season would likely become more frequent, which is in line with the findings
of previous studies [25,28]. On the annual scale, most regions are also projected to receive more
precipitation, except for the driest two regions: South Lahontan and Colorado River. This suggests that
those two regions are expecting much less precipitation in the dry season, although more precipitation
is projected for them during the wet season. Typically, summer monsoons are a major contributor to
dry season precipitation in these two regions [73,74]. This finding denotes that future monsoons over
both regions are likely to become weaker or more sporadic. Across all regions, the San Francisco Bay
and the South Coast generally have the highest and lowest increases in precipitation in late-century,
respectively, on both temporal scales. This indicates that they are the most and least prone to changes in
future storms during this period, respectively, yet they are not the wettest or driest regions. Comparing
two future periods, the late-century period is generally expecting a higher increase in precipitation
than the mid-century period except for the dry regions including Colorado River, South Lahontan, and
South Coast.
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Figure 4. Percent differences (%) between historical and mean RCP 4.5 projections on: (a) annual
precipitation in mid- century; (b) wet season precipitation in mid-century; (c) annual precipitation in
late-century; and (d) wet season precipitation in late-century.
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The differences between historical precipitation and mean RCP 8.5 precipitation projections are
also explored (Table 3). Similar to what Figure 4 indicates, wet season precipitation is expected to
increase in both mid-century and late-century across all regions. Increases are expected for annual
precipitation for most regions except for three dry regions (i.e., Colorado River, South Lahontan, and
South Coast) in mid-century and one region (i.e., Colorado River) in late-century. The increases in
late-century are higher. Comparing annual precipitation and wet season precipitation, changes in the
latter is more significant in terms of magnitude, which is in line with the RCP 4.5 results as illustrated
in Figure 4. Comparing two future periods, changes in the late-century is more pronounced compared
to those of the mid-century. Comparing differences of the mean RCP 4.5 projections from the historical
baseline and that of the mean RCP 8.5 projections, the latter are more notable. Those are expected since
the late-century (compared to mid-century) and the RCP 8.5 scenarios (compared to RCP 4.5 ones) are
both expecting higher increases in temperature (Section 3.1.2). A warmer atmosphere can hold more
water moisture, indicative of more water available for precipitation.

Table 3. Percent differences (%) between historical and mean RCP 8.5 projections on annual
precipitation and wet season precipitation.

ID Region Name
Annual Precipitation (%) Wet Season Precipitation (%)

Mid-Century Late-Century Mid-Century Late-Century

NC North Coast 4.4 5.2 8.4 10.6
SF San Francisco Bay 10.3 14.4 12.7 18.7
CC Central Coast 7.4 12.8 9.6 16.0
SC South Coast −0.1 1.4 1.4 3.9

SAC Sacramento River 7.6 9.0 11.4 14.2
SJQ San Joaquin River 5.4 7.4 8.0 11.3
TUL Tulare Lake 0.5 2.7 2.9 5.8
NL North Lahontan 6.6 10.3 11.8 16.9
SL South Lahontan −0.5 2.4 3.8 7.7
CR Colorado River −2.3 −1.5 4.7 5.9

In addition to looking at the mean of PRC 4.5 and RCP 8.5 projections, individual projections
are also investigated (Figure 5) to provide insights on the potential range of precipitation changes.
Overall, on both temporal scales, there is no consensus that all projections show increases or decreases
consistently for any region in mid-century or in late-century. This finding is also reported in previous
studies using old climate projections [22,26–28]. The changes mostly range from −25% to 50%, with a
few outliers showing more than 50% increases in precipitation. Those outliners come from a single wet
climate model under the higher greenhouse-gas emission scenario (RCP 8.5). The variation range is
generally larger for late-century (compared to mid-century) and dry regions (compared to wet regions).
Additionally, wet season precipitation shows larger change ranges compared to annual precipitation.
These results indicate more uncertainties in the projections for the dry regions, in the wet season, and
in late-century.

3.1.2. Temperature

Mean annual maximum temperature and minimum temperature are examined in a similar way
to the precipitation. The mean of 10 RCP 4.5 projections in two future periods are compared with
their counterparts in the historical period (Figure 6). Increases are expected for both maximum and
minimum temperature in both future periods across all regions. The eastern regions (NL, SL, and CR)
are generally expecting more significant warming compared to other regions. This is likely because
of their geographic location (away from the Pacific Ocean, lacking ocean regulation). In contrast,
the Coastal regions normally have the least significant warming except for the South Coast region
which has similar climate pattern as the dry Tulare Lake region. Comparing two future periods,
late-century is expecting more warming consistently for all regions, which is not surprising given
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the accumulated effect of the greenhouse-gas emissions. The increases in minimum temperature and
maximum temperature are generally comparable to each other. Statewide, the increases in the latter is
slightly higher. Specifically, for maximum temperature, a 2.4 ◦C warming is projected statewide in
the late-century versus 2.0 ◦C in mid-century. For minimum temperature, the statewide increases are
expected to be 2.2 ◦C and 1.8 ◦C, respectively, in those two periods. This is somewhat different from
previous studies which claimed that increases in minimum temperature are more pronounced [16],
leading to smaller diurnal temperature ranges.
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Figure 5. Box-and-whisker plots of percent differences (%) between historical and individual projections
on: (a) annual precipitation; and (b) wet season precipitation. Yellow boxes represent mid-century
results and orange boxes show late-century results.

In addition to the differences between mean RCP 4.5 projections and the historical baseline, the
differences associated with the mean RCP 8.5 projections are also examined (Table 4). The messages
are generally consistent with what the RCP 4.5 results (Figure 6) indicate. In general, warming (in both
maximum and minimum temperature) is expected across all regions in both future periods. The inland
eastern regions are projected to have the highest increases in temperature. The late-century is expecting
more significant warming than the mid-century. Comparing RCP 4.5 and RCP 8.5 scenarios, warming
of the latter is more pronounced in terms of increase amount. Specifically, for minimum temperature
in the mid-century, RCP 8.5 scenario shows about 0.8 ◦C (for San Francisco Bay and Central Coast) to
1.1 ◦C (North Lahontan) warmer than the RCP 4.5 scenario; in the late-century, the range is from 1.9 ◦C
(Central Coast) to 2.5 ◦C (North Lahontan). For maximum temperature, the differences between two
scenarios are slightly higher than that of the minimum temperature.
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Figure 6. Differences (◦C) between historical and mean RCP 4.5 projections on mean annual:
(a) maximum temperature in mid-century; (b) minimum temperature in mid-century; (c) maximum
temperature in late-century; and (d) minimum temperature in late-century.

Table 4. Differences (◦C) between historical and mean RCP 8.5 projections on annual maximum and
minimum temperature.

Annual Tmax (◦C) Annual Tmin (◦C)

Mid-Century Late-Century Mid-Century Late-Century

NC North Coast 2.7 4.3 2.5 4.1
SF San Francisco Bay 2.4 3.8 2.5 4.0
CC Central Coast 2.5 3.9 2.4 3.8
SC South Coast 3.0 4.5 2.9 4.5

SAC Sacramento River 3.0 4.7 2.7 4.4
SJQ San Joaquin River 3.0 4.6 2.8 4.5
TUL Tulare Lake 3.0 4.6 2.5 4.2
NL North Lahontan 3.4 5.3 3.2 5.0
SL South Lahontan 3.3 5.1 3.0 4.8
CR Colorado River 3.2 4.9 3.0 4.9

Looking at individual projections on maximum (Figure 7a) and minimum temperature (Figure 7b),
all of them show at least 1 ◦C warming. No projections indicate any decreases for any region, which is
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different from precipitation projections that have no such consensus. This is also reported in previous
studies [30,75–79]. Comparing two future periods, higher increases are expected in the late-century.
On average, increases in maximum temperature are generally higher than increases the minimum
temperature, which is particularly true for the eastern regions. Those observations are consistent with
what is noted in Figure 6. Similar to precipitation projections, the warming range of late-century is
larger than that of mid-century across all regions. This indicates that climate models tend to disagree
more with each other further into the future because of increasing uncertainty in climate model forcing.
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Figure 7. Box-and-whisker plots of differences (◦C) between historical and individual projections on
mean annual: (a) maximum temperature; and (b) minimum temperature. Yellow boxes represent
mid-century results and orange boxes show late-century results.

At the seasonal scale, the mean projection in mid-century shows at least 1 ◦C warming in both
maximum and minimum temperature across all seasons (Figure 8a). In comparison, at least 2.5 ◦C
warming is expected in late-century (Figure 8b). The highest increases (2.9 ◦C and 5.0 ◦C in mid-century
and late-century, respectively) are expected to occur in Summer maximum temperature in the coolest
region, North Lahontan. Comparing different regions, the eastern regions are expecting higher
increases in both minimum and maximum temperature than other regions. This is consistent with
what Figure 6 illustrates on the annual scale. Looking at different seasons, fall and summer are
expecting relatively higher warming than winter and spring. Particularly, summer is expecting the
highest increases. Statewide, an amount of 2.4 ◦C and 2.5 ◦C warming is projected in mid-century
in summer minimum and maximum temperature, respectively. In late-century, the corresponding
increases in summer are expected to be 4.2 ◦C and 4.3 ◦C, respectively.
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Figure 8. Differences (◦C) between historical and mean (of all 20) projections on seasonal maximum
temperature (Tmax) and minimum temperature (Tmin) in: (a) mid-century; and (b) late-century.

3.2. Trend Analysis

3.2.1. Precipitation

No significant trends are detected in historical annual and wet season precipitation for any
study regions. Similar findings have also been reported in relevant previous studies [14]. During
the projection period (2020–2099), a limited amount (no more than 15%) of model projections show
significant trends (Table 5). For annual precipitation, only one projection (out of 20) has statistically
significant trend for Sacramento River, South Coast, and Tulare Lake regions; three projections indicate
significant trends in Central Coast and North Lahontan regions; for other regions, only two projections
show significant trends. The slopes of those significant trends are all positive.

Table 5. Trend information of projected precipitation.

ID Region Name
Number (Percent) of Projections with Significant Trend 1 Range of

Significant Trend
Slope (mm/Year)Annual Precipitation Wet Season Precipitation

NC North Coast 2 (10%) 3 (15%) 3.9~5.4
SF San Francisco Bay 2 (10%) 2 (10%) 3.2~4.6
CC Central Coast 3 (15%) 3 (15%) −0.5~3.4
SC South Coast 1 (5%) 1 (5%) 2.1~2.7

SAC Sacramento River 1 (5%) 3 (15%) −2.2~6.0
SJQ San Joaquin River 2 (10%) 2 (10%) 2.8~5.0
TUL Tulare Lake 2 (10%) 2 (10%) 1.7~3.2
NL North Lahontan 3 (15%) 3 (15%) 1.2~5.3
SL South Lahontan 2 (10%) 0 (0%) 0.8~1.9
CR Colorado River 1 (5%) 0 (0%) 1.1

1 Significance level 0.05.

For wet season precipitation, no projections show any significant trends for the driest two regions
(Colorado River and South Lahontan). For San Francisco Bay, Central Coast, South Coast, San Joaquin
River, Tulare Lake, and North Lahontan regions, the projections showing significant trends are exactly
the same as those showing significant trends in annual precipitation. For the two wettest regions
(North Coast and Sacramento River), three projections show significant changes. Different from
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annual precipitation, two projections on wet season precipitation (one for Central Coast region and the
other for Sacramento River region) exhibit a decreasing tendency. Nevertheless, similar to the annual
precipitation, no significant changes are expected in the majority of climate model projections on wet
season precipitation through 2099.

3.2.2. Temperature

All 20 projections on mean annual maximum temperature (Figure 9a) and minimum temperature
(Figure 9b) show significant increasing trends. On average, the increasing rates of the Central Valley
regions (SAC, SJQ, and TUL) are fairly close to each other. The increasing rates of the coast regions
(NC, SF, CC, and SC) and eastern regions (NL, SL, and CR) are slightly smaller and higher, respectively,
compared to that of the Central Valley regions. Particularly, the median increasing rate in the coolest
region, North Lahontan, is the highest among all regions in maximum temperature. This is mostly
in line with what Figures 5 and 6 illustrate. In the historical period, both variables also exhibit
increasing trends. However, for maximum temperature, only the trends for Central Coast, South Coast,
San Francisco Bay, and South Lahontan regions are statistically significant at a significance level of 0.05.
For minimum temperature, the trends of all regions except for Colorado River region are significant.
Compared to historical trends, most projected trends have higher increasing rates. In general, the
increasing trend is more significant in maximum temperature than in minimum temperature, implying
that temperature range (difference between maximum and minimum temperature) is likely to increase.
Comparing different regions, on average, the coastal regions (NC, SF, CC, and SC) tend to have the
relatively smaller increasing rates while the eastern regions generally have the highest increasing rates.
This is generally consistent with what has been observed in Figure 6.
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Figure 9. Box-and-whisker plots of trend slopes of historical (1951–2013) and projected (2020–2099)
mean annual: (a) maximum temperature (Tmax); and (b) minimum temperature (Tmin) (at significance
level 0.05).
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Similar to those observed on the annual scale (Figure 9), not all regions have significant trends
in historical maximum temperature and minimum temperature on the seasonal scale (Figure 10a).
Specifically, fall and winter minimum temperature exhibits no statistically significant changes for any
region. Furthermore, the Tulare Lake region does not observe any significant trends in its maximum or
minimum temperature in any season. Comparing two temperature variables, maximum temperature
shows significant increasing trend in most cases while minimum temperature only exhibits significant
warming in a couple of seasons (spring and summer) for a few regions. In contrast, mean projections
on seasonal maximum temperature and minimum temperature show significant warming trends
consistently for all regions (Figure 10b). Warming in summer and fall is more pronounced than
warming in two other seasons. Looking at different regions, the eastern regions generally have
the highest increasing trend while the coastal regions have the smallest amount of increasing rate.
Particularly, the coolest region, North Lahontan, has the most significant increasing tendency in both
maximum temperature and minimum temperature. The region has the highest seasonal warming
rate in both maximum temperature (0.52 ◦C/decade) and minimum temperature (0.51 ◦C/decade) in
summer. Those observations are largely in line with what Figure 7 shows.
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Figure 10. Trend slopes of (a) historical (1951–2013) and (b) projected (2020–2099) mean seasonal
maximum temperature (Tmax) and minimum temperature (Tmin) (at significance level 0.05). Different
colors mean different trend slopes (per decade). White color indicates no significant trends.

3.2.3. Drought Index

California is prone to drought, with examples being the 1976–1977, 1988–1992, 2007–2009, and
2012–2013 droughts [80]. While the occurrence and lasting period of drought events are difficult
to predict decades in advance, the overall tendency (i.e., trend) of drought events can shed light
on long-term drought response planning activities. This section looks at projected future drought
conditions (represented by the SPEI index) at one- to four-year temporal scales which are relevant to
our operational planning practices. Figure 11 shows trend slopes of SPEI-12, SPEI-24, SPEI-36, and
SPEI-48 calculated from projected precipitation and temperature data, along with their counterparts in
the historical period. On average, all regions are expecting a decreasing trend (negative slope value).
This is particularly true for dry regions including the Colorado River, South Lahontan, and Tulare Lake.
All 20 projections have a decreasing tendency consistently, indicating more severe droughts for those
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regions on the annual, two-year, three-year, and four-year scales. For other regions, there is no such
consensus. However, the majority of projections show a decreasing trend. It should be highlighted
that, for the wettest region, North Coast, most projections have a relatively milder decreasing trend
compared to the historical baseline. This suggests that projected increase in precipitation over this
region outweighs the effect of warming. For the coolest region, North Lahontan, the median trend
slopes of projected SPEI values are generally around the historical trend slope values. This implies that
projected precipitation increase in this region offsets the impact of warming. For other regions, most
projections have a steeper decreasing trend compared to their historical counterparts, indicating that
projected increases in precipitation are not sufficient to offset the effect of warming. Particularly, for
the driest region, Colorado River, the decreasing rates of all 20 projections are higher than its baseline
counterpart. This suggests that this region is the least resilient to warming and thus most prone to
aridity (as represented by SPEI index) among all study regions.
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Figure 11. Box-and-whisker plots of significant trend slopes of: (a) SPEI-12; (b) SPEI-24; (c) SPEI-36;
and (d) SPEI-48 during projection period (2020–2099) (at significance level 0.05). The slope information
in historical period (1951–2013) is also shown.

It is worth noting that not all trends identified in the historical and projection periods are
statistically significant at a significance level of 0.05. The Central Coast region and Sacramento
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River region show no significant changes in SPEI values (Figure 11). Additionally, on three-year scale
and four-year scale, all Central Valley regions (SAC, SJQ, and TUL) have no increasing or decreasing
tendency in drought represented by SPEI during the historical period. In the projection period (Table 6),
for the driest two regions, Colorado River and South Lahontan, all 20 projections show consistently
significant trend in SPEI at the four time scales considered. This is no such consensus for other regions.
However, the majority of projections still show significant trends. For instance, only one out of 20 (5%)
projections exhibit insignificant changes in Tulare Lake region. For another relatively dry region,
South Coast, all projections show significant trends in SPEI on the three-year scale (SPEI-36) and
four-year scale (SPEI-48) while only one projection (5%) has insignificant trend on the annual scale
(SPEI-12) and two-year scale (SPEI-24). The wettest region, North Coast, has the highest amount
(25% to 30%) of projections that show no significant trend. For the second wettest region, Sacramento
River, 15–20% of the projections indicate no significant trend. Overall, those projections agree more
with each other on the increasing aridity in dry regions than in wet regions irrespective of the time
scales investigated.

Table 6. Number (percent) of SPEI projections with insignificant trend 1 in the projection period.

ID Region Name SPEI-12 SPEI-24 SPEI-36 SPEI-48

NC North Coast 6 (30%) 5 (25%) 5 (25%) 6 (30%)
SF San Francisco Bay 5 (25%) 5 (25%) 5 (25%) 3 (15%)
CC Central Coast 3 (15%) 3 (15%) 3 (15%) 2 (10%)
SC South Coast 1 (5%) 1 (5%) 0 (0%) 0 (0%)

SAC Sacramento River 4 (20%) 3 (15%) 4 (20%) 3 (15%)
SJQ San Joaquin River 3 (15%) 2 (10%) 2 (10%) 2 (10%)
TUL Tulare Lake 1 (5%) 1 (5%) 1 (5%) 1 (5%)
NL North Lahontan 2 (10%) 3 (15%) 3 (15%) 0 (0%)
SL South Lahontan 0 (0%) 0 (0%) 0 (0%) 0 (0%)
CR Colorado River 0 (0%) 0 (0%) 0 (0%) 0 (0%)

1 Significance level 0.05.

4. Discussion and Conclusions

This study investigated potential changes in future precipitation, temperature, and drought
(as represented by SPEI) across 10 hydrologic regions defined by the California Department of Water
Resources. The latest climate model projections on these variables through 2099 representing the
state of the current climate science were applied for this purpose. Changes were explored in terms of
differences from a historical baseline as well as the changing trend.

Results indicate that warming is expected across all regions in all temperature projections,
particularly in late-century. There is no such consensus in precipitation, with projections ranging
mostly from −25% to +50% different from the historical baseline. There is no statistically significant
increasing or decreasing trend in historical precipitation as well as in the majority of the projections.
However, on average, precipitation is expected to increase slightly for most regions. It should be noted
that this finding is not completely in line with a previous study that indicates decreases in future
California precipitation [81]. The major difference stems from the fact that different sets of data are
applied in the two studies. Specifically, the current study focused on precipitation and temperature
projections from 10 GCMs models (versus 42 models used by the previous study) that are deemed
most appropriate for water resources planning studies in California. Compared to wet regions, dry
regions are projected to have more severe drought conditions represented by SPEI. Those findings are
generally consistent with what have been reported in previous studies [21,26,28,76]. A new finding
of this study is that the coolest region, North Lahontan, tends to have the highest increases in both
minimum and maximum temperature and a significant amount of increase in wet season precipitation,
indicative of naturally increasing flood risk in this region. In another new finding, the warming in
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summer and fall (when water demand is typically high and precipitation is limited) is expected to be
more significant than the warming in winter and spring

In general, the findings of this study are meaningful from both scientific and practical perspectives.
From a scientific point of view, these findings provide useful information that can be utilized to
improve the current flood and water supply forecasting models. For instance, the coolest region, North
Lahontan, is expecting the most significant warming as well as increases in wet season precipitation.
This region is largely impacted by snow because of its high elevation. These expected changes will most
likely intensify regional rainfall (more precipitation comes as rainfall as warming elevates the snowline)
and spring snowmelt, increasing flood risks in the future. This region needs to be closely monitored in
the future, particularly near and above the current snowline. The current flood forecasting model uses
a parameter to cap the maximum possible snowmelt rate [82]. To reflect the expected warming, this
parameter needs to be increased accordingly to better model snowmelt. Taking one step further, the
snow accumulation and snowmelt processes based on which the current forecasting model is developed
are derived under the stationary assumption. In a non-stationary environment, these processes need to
be revisited and updated accordingly as relevant new observations become available. Additionally, the
current snowmelt model is temperature-index based. Snowmelt is a thermodynamic process driven
more by radiation than temperature. Development and implementation of radiation-driven snowmelt
model in operations are ongoing and will be reported in our future work.

From a practical standpoint, these findings can help inform water managers in making adaptive
management plans. For instance, vulnerability assessment is typically the first step in developing
any mitigation and adaptation strategies [83]. Corresponding adaptation strategies such as supply
diversification or increased volume management capacity should be tailored for the characteristics of
the regions and their particular impacts to a changing climate. All in all, this study has the potential
to help decision-makers move from a reactive position of responding to hydroclimatic events as
they happen to a pro-active position with region-specific strategies for improved water resources
management in the future. These strategies facilitate improving the resilience of California’s physical
water framework and the preparedness of its institutional framework via investments (e.g., where,
when, on what, and how much) in advance.

Despite its scientific and practical significance in guiding long-term strategical water resources
planning, the study addressed temperature and precipitation changes at annual and seasonal scales at
the hydrologic region scale. For time-sensitive and localized activities including emergency response
and management, those changes at a finer temporal and spatial scale at which extreme events occur
need to be explored. Extreme climatic indices (e.g., daily maximum precipitation, heat wave, etc.) with
daily resolution at the watershed scale have been extracted from the 20 climate projections applied
in this study. They will be analyzed and presented in a follow-up study. Furthermore, as opposed
to precipitation and temperature, streamflow runoff is normally the variable directly used to inform
real-time decision making (e.g., determination of reservoir release schedule). Those climate projections
have been used as input to drive a distributed hydrologic model, the Variable Infiltration Capability
model, to produce daily inflow projections through 2099 for major water supply reservoirs in California.
Those flow data will be analyzed in terms of volume, variability, and frequency and reported in a
companion study.
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