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A B S T R A C T

Uncertainty in climate forcings causes significant uncertainty in estimating streamflow and other land-surface
fluxes in hydrologic model simulations. Earlier studies primarily analyzed the importance of reproducing cross-
correlation between precipitation and temperature (P-T cross-correlation) using various downscaling and
weather generator schemes, leaving out how such biased estimates of P-T cross-correlation impact streamflow
simulation and other hydrologic variables. The current study investigates the impacts of biased P-T cross-cor-
relation on hydrologic variables using a fully coupled hydrologic model (Penn-state Integrated Hydrologic
Model, PIHM). For this purpose, a synthetic weather generator was developed to generate multiple realizations
of daily climate forcings for a specified P-T cross-correlation. Then, we analyzed how reproducing/neglecting P-
T cross-correlation in climate forcings affect the accuracy of a hydrologic simulation. A total of 50 synthetic data
sets of daily climate forcings with different P-T cross-correlation were forced into to estimate streamflow, soil
moisture, and groundwater level under humid (Haw River basin in NC, USA) and arid (Lower Verde River basin
in AZ, USA) hydroclimate settings. Results show that climate forcings reproducing the P-T cross-correlation yield
lesser root mean square errors in simulated hydrologic variables (primarily on the sub-surface variables) as
compared to climate forcings that neglect the P-T cross-correlation. Impacts of P-T cross-correlation on hydro-
logic simulations were remarkable to low flow and sub-surface variables whereas less significant to flow vari-
ables that exhibit higher variability. We found that hydrologic variables with lower internal variability (for
example: groundwater and soil-moisture depth) are susceptible to the bias in P-T cross-correlation. These
findings have potential implications in using univariate linear downscaling techniques to bias-correct GCM
forcings, since univariate linear bias-correction techniques reproduce the GCM estimated P-T cross-correlation
without correcting the bias in P-T cross-correlation.

1. Introduction

Precipitation (P) and temperature (T) are primary inputs for simu-
lating streamflow using a hydrologic model. Depending on the wa-
tershed climate regime (e.g., arid/humid), streamflow is highly sensi-
tive to uncertainties in climate forcings. Earlier studies on streamflow
sensitivity have considered the changes in the moments of a single
climate variable (Cai and Cowan, 2008; Kormos et al., 2016; Maurer
and Duffy, 2005; Sankarasubramanian and Vogel, 2003; van
Werkhoven et al., 2008; Vano et al., 2012; Zhang et al., 2014). How-
ever, the sensitivity of streamflow simulations/projections due to bias
in the cross-correlation between precipitation and temperature (here-
after the P-T cross-correlation) arising from downscaling and

disaggregation has rarely been addressed. This is a critical issue as most
bias-corrected P and T from General Circulation Models (GCMs) (e.g.,
MACA – Abatzoglou and Brown, 2012; BOR – Reclamation, 2013) are
based on univariate methods, which merely reproduce the raw P-T
cross-correlation from GCMs (Das Bhowmik, 2016; Das Bhowmik et al.,
2017). In this study, we systematically analyzed how biased estimates
of the P-T cross-correlation influence the simulations of streamflow and
other land-surface fluxes.

Studies have investigated the spatial variability in the P-T cross-
correlation and the associated land-surface responses over the con-
tinental and global scale. Trenberth and Shea (2005) estimated the co-
variability of monthly mean surface P and T globally. They reported
that the P-T cross-correlation is negative over the land during the
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summer, whereas, over the high latitudes, the cross-correlation is po-
sitive during the winter season. Zhao et al. (1993) also found that
summer P and T are negatively correlated over most parts of the co-
terminous United States (CONUS), which indicates increased T re-
sulting in reduced P. In Liu et al. (2012), evaluated the P-T cross-cor-
relation from GCMs from Coupled Model Intercomparison Project
Phase-5 (CMIP5) and found that responses of P-T cross-correlations
from GCMs are 2–3 times smaller than the observed values. Das
Bhowmik (2016) showed that the P-T cross-correlations from GCMs are
not within the sampling variability of the observed P-T cross-correlation
on 40–50% of grid points over the CONUS. A recent study has inspected
the impact of ignoring the joint dependency between P and T on hy-
drologic simulation by applying a joint bias-correction on climate
model outputs (Chen et al., 2018). They reported that the joint bias-
correction performed better than the independent bias-correction to
simulate streamflow on 11 out of 12 watersheds for the calibration
period. However, the study relied on a single measure to reproduce the
P-T cross-correlation and did not consider hydrologic fluxes other than
the streamflow.

Hydrologic models calibrated with historical datasets are forced
with climate model projections to predict the long-term changes in
hydrologic fluxes. Watershed management, reservoir operation, water-
supply planning, and design of hydraulic structures depend on the re-
liable estimation of non-stationarity in hydrologic variables (Hovenga
et al., 2016; Šraj et al., 2016). Overall, climate outputs from more than
10 climate models are suggested to be considered as climate forcings to
perform hydrological simulations/projections (Hosseinzadehtalaei
et al., 2017). However, climate model outputs exhibit a high amount of
model bias (on individual variables) and run on a spatial resolution
different from the resolution of the hydrologic model (Das Bhowmik
et al., 2017). Further, decadal predictions are reported to have initial
model drift, i.e., model prediction shifts towards the model climatology
instead of projecting based on the initialized conditions (Choudhury
et al., 2017; Taylor et al., 2012). To summarize, hydrologic researchers
could not force projections from climate models directly into the hy-
drologic model due to bias, a mismatch in spatial resolution, and model
drift; therefore, climate model outputs requires processing before hy-
drologic modeling (Mazrooei et al., 2015; Seo et al., 2016).

Over the years, studies have suggested various pre-processing ap-
proaches for bias-correction, statistical downscaling, temporal dis-
aggregation, and initial drift correction (Choudhury et al., 2017, Das
Bhowmik et al., 2017; Prairie et al., 2007; Wilks and Wilby, 1999,
Wood et al., 2004;). Researchers have assumed stationarity while ap-
plying pre-processing schemes on future projections (Johnson and
Sharma, 2012). Pre-processing approaches follow a wide range of al-
gorithms and techniques, from simple regression to complex weather
generators (Huth, 1999; Sankarasubramanian and Lall, 2003; Stoner
et al., 2012; Wilks and Wilby, 1999). For bias-correction, bias-correc-
tion and statistical downscaling (BCSD) (Wood et al., 2004) remains as
a popular database for hydroclimate analyses. Under this, bias-correc-
tion is carried out for a single variable (for example, precipitation/
temperature/relative humidity) at a time using simple regression or
quantile mapping, which neglects the inter-dependence between mul-
tiple variables. However, besides the bias in the mean and the standard
deviation of climate projections, climate models exhibit a substantial
bias to reproduce the observed P-T cross-correlation under univariate
linear bias correction (Das Bhowmik et al., 2017). In general, the ob-
served P-T cross-correlations are statistically significant, and they ex-
hibit large magnitudes. For example, during July, more than half of the
total grid points across the CONUS witness statistically significant P-T
cross-correlation. Previous studies have shown that univariate bias
correction methods reproduce the GCM estimated P-T cross-correlation,
thereby resulting in significant bias in the P-T cross-correlation (Das
Bhowmik, 2016; Ivanov and Kotlarski, 2017; Wilcke et al., 2013). We
assume that a substantial bias in the statistically significant P-T cross-
correlation could potentially impact a hydrological simulation and the

associated cross-correlation in land surface fluxes. Given that hydro-
logical simulations/projections are obtained using a physical model,
deriving an analytical relationship on how the bias in the P-T cross-
correlation propagates through simulated hydrological variables is
difficult. To the best of our knowledge, limited or no study system-
atically analyzes how biased estimate of the P-T cross-correlation im-
pacts the hydrologic simulation.

This study’s objective is to evaluate the importance of reproducing
the P-T cross-correlation in climate forcings during hydrologic simula-
tion. We investigate how neglecting the P-T cross-correlation in climate
forcings affects the performance of hydrologic simulations. For this
purpose, we investigated four hydrologic variables – streamflow, eva-
potranspiration, soil moisture depth, and groundwater level. To obtain
different sets of P-T cross-correlation, a synthetic weather generator –
which provides multiple realizations of daily climate forcings – was
developed. Two ensembles of climate forcings were forced into a fully
coupled hydrologic model (Penn-state Integrated Hydrological Model,
PIHM) – out of which, one reproduced the observed P-T cross-correla-
tion while the other neglected the observed P-T cross-correlation. Using
the PIHM set up for two watersheds from humid and arid hydro-cli-
matic regimes, simulated hydrologic variables from two different cli-
mate forcings were compared with the respective reference variables
obtained using the observed climate forcings.

This manuscript is organized as follows: The next section presents
details of the target basins, the hydrologic model, and data sets. Next,
we discuss the experimental design. The results are presented in Section
4, which is followed by concluding remarks.

2. Background

2.1. Target basins

Two watersheds, Haw River in North Carolina (USGS − 03030002)
and Lower Verde River in Arizona (USGS – 15060203), were considered
to represent humid climate regime of southeastern US and arid climate
regime of southwestern US, respectively. The Haw River is located in
the eastern part of the US Sunbelt. The headwaters of the Haw River run
177 km into the Jordan Lake reservoir, and the drainage area of the
basin is 3959 km2, receiving a mean annual precipitation of 1131mm
(Seo et al., 2018a,b). The Lower Verde River, a part of the Lower Col-
orado River basin, covers approximately 5090 km2 of central Arizona,
receiving a mean annual precipitation of 474mm. The spatial resolu-
tion of the observed P-T series is (1/8°× 1/8°). Using (1/8°× 1/8°)
grid points, the observed monthly P-T cross-correlation was calculated
and plotted for each grid point over the Haw River (Fig. 1a) and the
Lower Verde River (Fig. 1b) basins for four seasons, JFM (Januar-
y–March), AMJ (April–June), JAS (July–September), and OND (Octo-
ber–December). The Haw River basin experiences statistically sig-
nificant negative P-T cross-correlations across all the grid points during
AMJ and some grid points during JAS. On the other hand, the Lower
Verde River basin exhibits statistically significant negative P-T cross-
correlation across all the grid points during OND and some grid points
during the other seasons. Statistical significance is based on 95% con-
fidence interval following the equation [± −1.96/ (n 3) ] where n is
the number of observations. Overall, both basins experience weak P-T
cross-correlations during JFM, which is the wettest season of a year.

2.2. Hydrologic model and data sets

PIHM is used for the analyses. It is a fully distributed multi-process
model in which surface water, groundwater, and land surface compo-
nents are fully coupled using a semi-discrete finite volume approach
(Kumar, 2009; Qu and Duffy, 2007).

Observed P-T data sets, daily observations at (1/8°× 1/8°) spatial
resolution, were downloaded from Ed Maurer’s research group (Maurer
et al., 2002). Streamflow and groundwater datasets for the target basins
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were obtained from USGS Water Data webpage (USGS Water Data
webpage, 2015). The two streamflow gauges are HCDN (Hydro-Cli-
matic Data Network) stations, which are located in streams subjected to
minimal anthropogenic influences, such as pumping or upstream sto-
rage (Sankarasubramanian et al., 2001; Vogel and
Sankarasubramanian, 2000).

Seo et al. (2016) calibrated PIHM parameters for the Haw River and
the Lower Verde River basins using the observed P-T time series. The
current study uses the same calibrated model for the Haw River basin
and the Lower Verde River basin. Table 1 presented calibration and
validation results for the target basins. Correlation values for the
streamflow during calibration and validation periods are higher than
0.9 (0.8) for the Haw River (Lower Verde River). PIHM exhibits a
higher NSE value for streamflow during the September-October-No-
vember season as compared to other seasons, which resulted from
PIHM's ability to model high flow values during fall months. Correla-
tion and NSE values related to the groundwater are slightly lower than
the values related to the streamflow. Nevertheless, PIHM shows a
consistent performance for a long-term simulation of streamflow and
groundwater across different seasons for both rivers.

3. Experimental design

3.1. Synthetic P-T generator

GCM forcings obtained using univariate linear bias-correction
methods reproduce the raw P-T cross-correlation from GCMs, which are
significantly biased compared to the observed P-T correlation for the
historical period (Das Bhowmik, 2016; Das Bhowmik et al., 2017). Note
that univariate linear bias-correction methods reproduce the moments,
mean, and standard deviation of the forcings, but it can provide biased
estimates of P-T cross-correlation. Hence, it is essential to understand
how biased P-T cross-correlation from univariate bias-correction
methods could impact the streamflow simulations/projections under
potential climate change. To demonstrate this, we employ a synthetic P-
T generator that develops two sets of time-series of P and T having
different P-T cross-correlation. The first set reproduces the observed P-T
cross-correlation and individual moments (mean and standard devia-
tion), while the second set does not preserve the observed P-T cross-
correlation but reproduces only the mean and standard deviation of P-T
series. These two sets of forcings with different P-T cross-correlation are
provided as inputs to the PIHM to understand the importance of re-
producing the P-T cross-correlation.

Fig. 1. Monthly P-T cross-correlation on each grid point for JFM (January–March), AMJ (April–June), JAS (July–September), and OND (October–December): (a) the
Haw River basin (b) the Lower Verde River basin. Grid points with red boundary indicate that the observed P-T cross-correlation on the grid point is statistically
significant at a 95% confidence interval. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Table 1
Evaluation of the model performance for each season: correlation Coefficient and Nash-Sutcliffe Efficiency values of monthly streamflow and GW depth for each
target basin (Seo et al., 2016).

Watershed Station Name/Number Calibration (1956–1980) Validation (1981–2005)

CC NSE CC NSE

DJF MAM JJA SON DJF MAM JJA SON DJF MAM JJA SON DJF MAM JJA SON

Streamflow Haw River At Haw River 0.95 0.93 0.94 0.97 0.84 0.82 0.86 0.92 0.94 0.86 0.88 0.94 0.77 0.74 0.73 0.86
Verde River Above Horseshoe dam 0.89 0.79 0.89 0.89 0.74 0.61 0.73 0.78 0.80 0.92 0.90 0.92 0.53 0.65 0.80 0.85

Groundwater Haw River USGS 355522079043001 0.82 0.80 0.77 0.77 0.63 0.59 0.56 0.57 0.70 0.69 0.68 0.67 0.48 0.47 0.45 0.45
Verde River1) USGS 341408111212901 0.79 0.54

1) Calibration periods of Verde River groundwater level are 1978–1985 due to lack of data length.
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3.1.1. Reproducing covariance structure of monthly P-T series
A multivariate log-normal distribution function is used to generate

multiple realizations of P-T series for the specified (i.e., observed or
biased) P-T cross-correlation. First, spatially averaged monthly P-T
series on each target basin is developed. Subsequently, synthetically
generated P-T series is spatially disaggregated over all the grid points of
the target basins. Detailed steps of the proposed synthetic generator are
listed as follows:

1) Based on log-transformed P and T datasets, estimate the mean
monthly P and T, M̄ [1×24], vector and the covariance matrix, C̄
[24×24], of spatially averaged monthly mean P-T series from ob-
served monthly P-T series (1951–2010). For both the mean vector
and the covariance matrix, index values 1–12 represent P from
January to December, and index values 13 to 24 represent T from
January to December. The covariance matrix specifies both the
variance, auto-covariance between different lags and the P-T cross-
covariance.

2) Revise the observed covariance matrix, C̄ , so that the matrix only
contains the standard deviations of P and T, the co-variability be-
tween P-T, and the lag-1 auto-correlation of T (i.e., the other values
in the matrix become zero). The elements of the revised covariance
matrix, C̄ pres[24×24], is given below, with i and j being the
number of the row and the column, respectively. Fig. S1 in the
supporting information illustrates the matrix form of C̄ pres[24× 24].
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= − − = ≥

= − − ≥ ≥
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3) Generate monthly P-T series F̄i
presfor the ith year, assuming a mul-

tivariate log-normal distribution with the mean vector and the re-
vised covariance matrix: i.e.

F mvnrnd M C¯ ~ ( ¯ , ¯ )i
pres pres (1)

4) Iterate step 3 until total n (n=60) years of monthly P-T series are
generated.

Hereafter, the cross-correlation between the spatially averaged P-T
is referred to as the synthetic-average P-T cross-correlation. We im-
plement the following steps to generate a synthetic P-T time series that
ignores the covariance structure:

5) Revise the covariance matrix, C̄ , so that the matrix only contains the
variances of P and T and the lag-1 correlation of T. In this, we ex-
plicitly assume no cross-covariance between P-T. The elements of
the revised covariance matrix −C̄non pres, [24× 24], is given below,
with i and j being the number of the row and the column, respec-
tively. Fig. S2 in the supporting information illustrates the matrix
form of −C̄non pres[24×24].
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6) Repeat step 3 and 4 to generate monthly P-T series with no

covariance: i.e.,

− −F mvnrnd M C¯ ~ ( ¯ , ¯ )i
non pres non pres (2)

3.1.2. Reproducing spatial dependence on the local scale
Once spatially averaged monthly P-T series is generated, we dis-

aggregate the spatially averaged series over each grid point of the target
basins. Spatial noise for each grid point is estimated as the mean de-
viance to the spatial mean value. Detailed steps of spatial noise gen-
erator have been listed as follows:

1) Estimate covariance matrix of deviation of monthly P (T) to the
spatial mean P (T) for the jth month, SCj

P (SCj
T) [m×m], where m is

the total number of grids. We obtain total 24 covariance matrices for
each month of P and T.

2) Generate spatial noise of P (T) on each grid for the jth month in the ith

year, SNi j
P
, (SNi j

T
, ), from a multivariate log-normal distribution with a

zero-mean vector, O [1×m], and the covariance matrix of P (T)
obtained in step 1 for each month.

SN mvnrnd O SC~ ( , )i j
P

J
P

, (3a)

SN mvnrnd O SC~ ( , )i j
T

J
T

, (3b)

3) Iterate step 3 until total n (n= 60) years of time series are gener-
ated.

4) Obtain the final values (Pi j k
pres
, , , −Pi j k

non pres
, , , Ti j k

pres
, , , and −Ti j k

non pres
, , ) that are

monthly P series reproducing observed P-T cross-correlation,
monthly P series without observed P-T cross-correlation, monthly T
series reproducing observed P-T cross-correlation, and monthly T
series without observed P-T cross-correlation, respectively, for the
kth grid of the jth month in the ith year, by adding generated spatial
noise on each grid: i.e.,

= +P F SN¯i j k
pres

i j
pres

i j k
P

, , , , , (4a)

= +
− −P F SN¯i j k

non pres
i j
non pres

i j k
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= +
−

+

−T F SN¯i j k
non pres

i j
non pres

i j k
T

, , , 12 , , (4d)

After this, a set of P-T series that reproduce the observed P-T cross-
correlation is referred as Opt 1, and a set of P-T series without observed
P-T cross-correlation is referred as Opt 2. We refer the cross-correlation
between the spatially disaggregated P and T as the synthetic-dis-
aggregated P-T cross-correlation.

3.2. Hydrologic simulation

Two different sets of hydrologic variables are simulated by forcing
two synthetic data sets of monthly P-T series (Opt 1 and Opt 2) into the
PIHM. Before hydrologic simulation, the monthly P-T series are tem-
porally disaggregated into daily series Prairie et al.’s (2007) approach.
Performances from the two different synthetic P-T series are evaluated
by comparing the accuracy in simulating monthly hydrologic variables.

4. Results

4.1. Synthetic P-T series

We estimated the synthetic-average P-T cross-correlation for the
Haw River (Fig. 2a) and the Lower Verde River basins (Fig. 2b). Square
markers represent the observed P-T cross-correlation over the target
basins. Triangle and asterisk markers show the median value of the
synthetic-average P-T cross-correlation from Opt 1 and Opt 2, respec-
tively. The grey envelope exhibits the range (i.e., the distance between
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the maximum and minimum values) of multiple sets of the synthetic-
average P-T cross-correlation values from Opt 1. The observed P-T
cross-correlations were reproduced by Opt 1 for the Haw River basin
(Fig. 2a) for most months. The observed P-T cross-correlations for Oc-
tober and November were positive but statistically insignificant. Hence,
Opt 1 failed to yield the observed P-T cross-correlation during October
and November. Synthetic time series for the Lower Verde River basin
reproduced the observed P-T cross-correlation across all months
(Fig. 2b), except July. Based on this, we infer that Opt 1 reproduces the
observed P-T cross-correlation in the synthetic climate forcings. Since
Opt 2 neglects the observed P-T cross-correlation during the synthetic
generation process, the synthetic-average P-T cross-correlations from
Opt 2 were close to zero.

Subsequently, we generated the synthetic-disaggregated P-T cross-
correlations for April over the Haw River (Fig. 3a) and the Lower Verde
River basins (Fig. 3b). The results for April were presented as an ex-
ample since the observed P-T cross-correlations during April are sta-
tistically significant for both river basins. Maps on the left-hand side
show the observed P-T cross-correlations, whereas the maps in the
middle (the right-hand side) present median (one randomly selected
sample) of the synthetic-disaggregated P-T cross-correlations. Total 50
realizations were generated for Opt 1, and the synthetic-disaggregated
P-T cross-correlations were produced for each realization. We found
that the spatial dependence of the observed P-T cross-correlations is
reproduced during the disaggregation process, although the synthetic-
disaggregated P-T cross-correlation values are slightly higher for the
northern grid points (Fig. 3a). Spatial variability of the synthetic-dis-
aggregated P-T cross-correlation becomes high to low as we move from
the median to the sample map. For the Lower Verde River basin
(Fig. 3b), the spatial dependence of the observed P-T cross-correlations
is efficiently reproduced in the synthetic-disaggregated P-T cross-cor-
relation across the grid points (the median and the sample maps). In
conclusion, Opt 1 efficiently reproduces the spatial dependence of the

observed P-T data sets.

4.2. Simulation of hydrologic variables

Mean monthly values of the hydrologic variables (streamflow, 10th
percentile of streamflow, 90th percentile of streamflow, soil moisture
depth, and groundwater level) were obtained from the PIHM simula-
tion. Observed P-T series was forced with the PIHM to obtain the re-
ference simulation of the hydrologic variables. The reference simulation
is used later to compare the performance of the model under synthetic
climate forcings: Opt 1 and Opt2. We estimated the root mean square
error (RMSE) for the reference simulation as well as 50 realizations of
the simulated variables to quantify the impact of biased P-T cross-cor-
relation in simulating/projecting hydrologic variables.

4.2.1. Simulation of streamflow variables
Differences in RMSE of mean monthly streamflow variables between

Opt 1 and Opt 2 are presented for the Haw River basin (Fig. 4a–f) and
the Lower Verde River basin (Fig. 4g–l). Negative differences (colored
in red) in RMSE indicate Opt 1 performs better than Opt 2, since the
simulated variables under Opt1 is closer (compared to Opt 2) to the
simulated variables obtained with observed forcings. The grey lines
represent the mean monthly values of the reference simulation driven
by the observed P-T series (presented on the secondary axis). For the
Haw River basin, as a whole, Opt 1 performs better than Opt 2 to si-
mulate the mean monthly streamflow (Fig. 4a) for January to Sep-
tember. In case of the Lower Verde River basin, Opt1 outperforms Opt 2
in simulating the mean monthly streamflow for the fall and early winter
(January) months (Fig. 4g). The observed P-T cross-correlations from
April to August over the Haw River basin are statistically significant
and witness negative values (Fig. 2a). However, the observed P-T cross-
correlations from July to January for the Lower Verde River basin are
statistically significant and have negative values (Fig. 2b). During

Fig. 2. P-T cross-correlation estimated by the spatially averaged monthly P-T series: (a) the Haw River basin and (b) the Lower Verde River basin. The monthly P-T
series is generated, following the synthetic generator approach (sub-section 2.3.1). Grey envelope represents the range of P-T cross-correlations estimated by Opt 1
(i.e., the range between the maximum and the minimum).
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statistically significant periods, Opt 1 performs better than Opt 2.
Hence, our study finds that forcing the hydrologic model with unbiased
estimates of the P-T cross-correlation results in an improved accuracy in
the simulation of mean monthly streamflow.

Performance statistics related to streamflow extremes exhibit that
Opt 1 performs better than Opt 2 with lower values of RMSE. A climate
forcing that reproduces the observed P-T cross-correlation has a lower
error variance in extreme flows simulations (7-day low, 10th percentile,
90th percentile, and 3-day peak streamflow) as compared to the forcing
that does not reproduce the observed P-T cross-correlation. For the high
extremes (90th percentile and 3-day peak), Opt 1 performs better than
Opt 2 during almost all the months for the Haw and the Lower Verde
River basins (Fig. 4e, 4f, k, and l), whereas Opt 1 performs better than
Opt 2 for the low extreme (7-day low and 10th percentile) for the Haw
River basin, especially during January and February. Additionally, for
the Lower Verde basin, Opt 1 is better than Opt 2 to simulate the low
flows during most months (Fig. 4h and i). Thus, reproducing the ob-
served P-T cross-correlation improves the accuracy of streamflow si-
mulation.

Fig. 5 presents percent differences in RMSE of streamflow between
Opt 1 and Opt 2. Negative percent changes (blue colored gradient in
Fig. 5) indicates better performance of Opt 1 than Opt 2. In general, Opt
1 outperforms than Opt 2 to reduce the error in estimating the
streamflow. For Haw River basin, with the exception of few months, the
RMSE to simulate the streamflow under Opt 1 is lower than the RMSE
under Opt 2 for almost all the months. On the other hand, for the Lower
Verde River basin, the RMSE of Opt 1 is consistently lesser than the
RMSE of Opt 2 for all flow conditions except during July. Even though
Opt 2 performs slightly better than Opt 1 during summer months, the
differences in the estimated mean values of different flow attributes are

very small. Fig. 4 shows the actual values of mean monthly flow at-
tributes for the two schemes over the selected basins. It must be noted
that both basins experience negative P-T cross-correlations during the
summer, which indicates that increased moisture availability is asso-
ciated with decreased temperature. Hence, any misspecification of the
P-T cross-correlation is expected to have larger impact on the evapo-
transpiration as compared to the streamflow, since the evapo-
transpiration is the significant land-surface loss runoff during the
summer. Overall, the analyses presented in Figs. 4 and 5 show that
reproducing the P-T cross-correlation is important to estimate the ob-
served streamflow.

4.2.2. Simulation of sub-surface water variables
Fig. 6a–c (6d and 6f) present differences in RMSE in simulating

surface/sub-surface hydrologic variables, mean monthly evapo-
transpiration (ET), soil moisture depth (SM), and groundwater level
(GW), respectively, for the Haw River basin (Lower Verde River basin).
In general, climate forcings that reproduce the observed P-T cross-
correlation (Opt 1) simulate the surface/sub-surface variables sub-
stantially better than climate forcings that neglect the observed P-T
cross-correlation (i.e., Opt 2). For the Haw River basins, Opt 1 out-
performs Opt 2 during dry seasons for ET simulation (Fig. 6a). SM si-
mulation over the Haw River basin (Fig. 6b) was improved by the ob-
served P-T cross-correlation across all months, except for the winter
months (November to January). Similarly, Opt 1 is superior to Opt 2 to
simulate the GW of the Haw River basin across all months except Oc-
tober (Fig. 6c). Considering all months, Opt 1 performs better than Opt
2 for the Haw River basin. For the Lower Verde River basin, Opt 1
exhibits lower errors than Opt 2 to simulate all the surface/sub-surface
hydrologic variables (Fig. 6d–f) across all the months. The differences

(a)

Fig. 3. Synthetic-disaggregated P-T cross-correlation on each grid point in April: (a) the Haw River basin and (b) the Lower Verde River basin.
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in RMSE for both river basins were higher in magnitude during the
summer and the fall months as compared to the rest of the year. It must
be noted that during the summer and fall months, the observed P-T
cross-correlations have exhibited statistical significance for the Haw
and Lower Verde River basins (Fig. 2a and b). Hence, we infer that the
impact of the P-T cross-correlation is more prominent on the surface/
sub-surface hydrologic variables as compared to the streamflow vari-
ables. Our results show that a surface/sub-surface hydrologic variable is
more sensitive to the negative P-T cross-correlation if the inter-annual
variability of the variable is lower.

Fig. 7 presents percent differences in RMSE of surface/sub-surface
hydrologic variables between Opt 1 and Opt 2 to cut off marginal im-
provement in the results. Notably, for the Haw River basin, Opt 1 led to
a substantial improvement in sub-surface variables, SM and GW, from
May to September where significant negative P-T cross-correlation ex-
ists. Since the amount of ET becomes significant during the summer
season, GW typically becomes shallow with low SM. The impact of a
negative P-T cross-correlation on either surface/sub-surface variables or
streamflow increases during the summer months. Thus, inaccurate P-T
cross-correlation in the forcing dataset would result in an accurate es-
timation of land-surface fluxes.

5. Concluding remarks

The current study evaluated the role of the P-T cross-correlation in
basin-scale simulations of hydrologic variables for two watersheds re-
presenting arid and humid climate regime. Two sets of synthetic P-T
time series were generated, where one reproduced the observed P-T
cross-correlation and the other did not have any P-T correlation. These
two synthetic P-T time series were forced into a fully-coupled hydro-
logic model to evaluate the impact of the P-T cross-correlation on hy-
drologic simulations. We found that climate forcing that reproduces the
observed P-T cross-correlation reduce errors in simulated streamflow
and sub-surface hydrologic variables as compared to the climate forcing

that neglects the observed P-T cross-correlation. The performance me-
tric – the difference in RMSE between Opt 1 and Opt 2 – were sub-
stantial for the months when the observed P-T cross-correlations are
statistically significant. The reproduction of the observed P-T cross-
correlation resulted in lower errors in the surface/sub-surface hydro-
logic variables in comparison to the streamflow variables, since the
inter-annual variability of surface/sub-surface variables is smaller than
the inter-annual variability of streamflow. We expect that a hydrologic
simulation with correlated climate variables should impact the de-
pendency among hydrologic variables with storage dampening the
dependency on the climate variables.

This study’s primary finding is that the simulation of a hydrologic
variable using a forcing dataset that neglects the multivariate cross-
correlation would lead to large bias in low flow values. It is important
to reproduce the observed P-T cross-correlation in forcing data sets,
especially during dry conditions when the observed P-T cross-correla-
tion is negative. Therefore, appropriate estimation of the correlation
between P-T is a critical factor for hydrologic extreme conditions, such
as droughts. Additionally, impacts of reproducing the P-T cross-corre-
lation on hydrologic simulations are more significant for surface/sub-
surface variables than streamflow variables. It might be because of the
fact that higher variability of streamflow variables attenuate the role of
P-T cross-correlation. We conclude that reproducing the observed P-T
correlation improves the simulation performance, especially when the
P-T cross-correlation exhibits statistical significance.

The primary implications from the analyses indicate utilizing bias-
corrected and downscaled GCM outputs for projecting streamflow and
surface/sub-surface variables under climate change. It is well-known
that GCM outputs require significant pre-processing schemes (e.g., bias-
correction, downscaling, and drift correction) before forcing them into
hydrologic models. Das Bhowmik (2016) reported that univariate bias-
correction does not reproduce the observed P-T cross-correlation at a
finer resolution of (1°× 1°). Since, GCM forcings from univariate bias-
correction methods are typically forced into hydrologic models to

Fig. 4. Differences in RMSE of streamflow variables between Opt 1 and Opt 2 (i.e., RMSE of Opt 1 – RMSE of Opt 2). Mean monthly values of the reference simulation
is presented on the secondary axis. (a) Haw River basin – mean monthly streamflow; (b) Haw River basin – mean monthly 7-day low streamflow; (c) Haw River basin
– 10 percentile monthly streamflow; (d) Haw River basin – 50 percentile monthly streamflow; (e) Haw River basin – 90 percentile monthly streamflow; (f) Haw River
basin – mean monthly 3-day peak streamflow; (g) Lower Verde River basin – mean monthly streamflow; (h) Lower Verde River basin – mean monthly 7-day low
streamflow; (i) Lower Verde River basin – 10 percentile monthly streamflow; (j) Lower Verde River basin – 50 percentile monthly streamflow; (k) Lower Verde River
basin – 90 percentile monthly streamflow; and (l) Lower Verde River basin – mean monthly 3-day peak streamflow.

Fig. 5. Percent differences in RMSE of streamflow variables between Opt 1 and Opt 2 (i.e., (RMSE of Opt 1 – RMSE of Opt 2)/RMSE of Opt 1). MF: mean monthly
streamflow, 7LF: mean monthly 7-day low streamflow, 10QF: 10 percentile monthly streamflow, 50QF: 50 percentile monthly streamflow, 90QF: 90 percentile
monthly streamflow, and 3PF: mean monthly 3-day peak streamflow.
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evaluate the impact of near-term climate change on hydrologic vari-
ables (e.g., Seo et al., 2018c), using GCM forcings with biased P-T cross-
correlation can cause adverse impacts on the hydrologic projections.
Hence, we emphasize that inferences based on a bias-correction and
downscaling schemes that do not reproduce the observed P-T cross-
correlation should be interpreted carefully as the findings could be
influenced by the pre-processing schemes. Previous studies suggest the
necessity of multivariate techniques for bias-correction and statistical
downscaling (He et al., 2012; Zhang and Georgakakos, 2012; Das
Bhowmik et al., 2017) that can reproduce the joint dependency be-
tween P and T. Such multivariate bias-correction schemes can be con-
sidered for hydrologic projections particularly for basins that experi-
ence significant P-T cross-correlation.

In recent years, Abatzoglou and Brown (2012) proposed a multi-
variate downscaling approach MACA based on the constructed analog
technique developed by Hidalgo et al. (2008). MACA performs bias-
correction in GCM simulation by identifying the patterns between the

GCM and the observed records. The concept of quantile mapping for
univariate downscaling is extended by He et al. (2012) to simulta-
neously downscale P and T. Asynchronous Canonical Correlation Ana-
lysis (ACCA) can correct bias in multiple variables along with yielding
the observed P-T cross-correlation in the bias-corrected products (Das
Bhowmik et al., 2017). However, multivariate bias-correction techni-
ques result in a trade-off between yielding the observed P-T cross-cor-
relation and reproducing the temporal variability in P and T. Das
Bhowmik et al. (2017) showed that even with the trade-off between the
P-T cross-correlation and their variances, ACCA better reproduces the
joint probability of occurrence of P and T. However, the current study
did not consider the multivariate schemes as it would require a com-
parison between multivariate schemes to estimate the joint probability
of occurrence of land-surface fluxes. One potential alternative is to use
Regional Climate Model (RCM) outputs as inputs to the hydrologic
model, provided the P-T cross-correlation from the RCM is within the
sampling variability of the observed P-T cross-correlation.

Fig. 6. Differences in RMSE of sub-surface hydrologic variables between Opt 1 and Opt 2 (i.e., RMSE of Opt 1 – RMSE of Opt 2). (a) Haw River basin – mean monthly
evapotranspiration; (b) Haw River basin – mean monthly soil moisture depth; (c) Haw River basin – mean monthly groundwater level; (d) Lower Verde River basin –
mean monthly evapotranspiration; (e) Lower Verde River basin – mean monthly soil moisture depth; and (f) Lower Verde River basin – mean monthly groundwater
level.
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Future extension of the current study will focus on understanding
how multivariate bias-correction techniques influence hydrologic si-
mulations. It would also be of interest to evaluate how climate forcings
from univariate and multivariate bias-correction techniques reproduce
the cross-correlation structure of land-surface fluxes. We expect that the
performance of different pre-processing schemes could significantly
vary, depending on basin’s climate regime. For instance, if a robust P-T
cross-correlation is witnessed in a basin, we presume that multivariate
techniques (e.g., ACCA or multi-variate quantile mapping by He et al.
(2012)) would likely produce an unbiased estimation of surface and
sub-surface variables. However, if the river basin witnesses a high
temporal variability in the P but statistically insignificant P-T cross-
correlation, a traditional univariate linear bias-correction approach,
like constructed analogues or quantile mapping, are expected to per-
form as efficiently as (or even better than) multivariate techniques,
since univariate techniques better reproduce the variability in the for-
cings. Besides, it would be worthwhile to perform a further comparison
between the impacts of ‘bias in mean climate forcings’ and ‘bias in P-T
cross-correlation’ on the errors in hydrologic simulations. This in-
vestigation will have application in determining plausible GCMs for
climate change impacts studies, as discussed in Seo and Kim (2018). It
is also important to consider further improvements of multivariate pre-
processing schemes so that they estimate the joint probability of oc-
currence of climate forcings along with reproducing the means and
their standard deviations.
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