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of climate and hydrology are scarce. Gridded datasets have been used as an alternative
to instrumental observations for climate analysis in this area, but not for driving models
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to understand hydrological processes in the southern NWT. The suitability of temperature and precipitation from three-gridded datasets (Australian National University Spline
[ANUSPLIN], ERA-Interim, and Modern-Era Retrospective Analysis for Research and
Application, Version 2 [MERRA-2]) as forcings for hydrological modelling in a small subcatchment in the southern NWT are assessed. Multiple statistical techniques are used to
ensure that structural and temporal attributes of the observational datasets are adequately compared. Daily minimum and maximum air temperatures in gridded datasets
are more similar to observations than precipitation. The ANUSPLIN temperature time
series are more statistically similar to observations, based on population statistics and
temporal structure, than either of ERA-Interim or MERRA-2. The gridded datasets capture the seasonal and annual seasonal variability of precipitation but with large biases.
ANUSPLIN precipitation compares better with observations than either ERA-Interim or
MERRA-2 precipitation. The biases in these gridded datasets affect run-off simulations.
The biases in hydrological simulations are predictable from the statistical differences
between gridded datasets and observations and can be used to make informed choices
about their use.
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I N T RO DU CT I O N

Hsieh, & Cannon, 2016; Way, Oliva, & Viau, 2017; Woo & Rouse,
2008), to assess the outputs of global and regional climate models

The Canadian subarctic, including the southern Northwest Territories

(e.g., Diaconescu, Mailhot, Brown, & Chaumont, 2018; Field, Barros,

(NWT), has limited long-term historical hydrometeorological observa-

Stocker, & Dahe, 2012), and to study hydro-ecological responses to

tions in both space and time (Rouse et al., 1997; Vincent et al., 2015).

changing climate (e.g., Price et al., 2013).

Gridded hydrometerological products (gridded datasets) can be a com-

If significant differences exist between observations and gridded

plement to the existing sparse data network. Gridded datasets have

datasets, climatological or hydrological interpretations will likely be

been used to characterize the variability and trends of hydroclimate

misleading (Crout et al., 2008). Gridded datasets have the potential to

systems where observations are sparse or do not exist (e.g., Snauffer,

be used as alternative inputs to force hydrological models for large
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watersheds (Chen & Brissette, 2017); however, it is important to con-

hydroclimatology of the Mackenzie River Basin (MRB), using a combi-

sider possible biases that such datasets might introduce in hydrograph

nation of gridded datasets and numerical model data from the Cana-

outputs (Crout et al., 2008). Errors or biases in climate inputs are

dian Regional Climate Model (Liu, Cho, & Stewart 2002; Louie, Hogg,

known to affect hydrological fluxes (Chen & Brissette, 2017; Essou,

MacKay, Zhang, & Hopkinson, 2002; Woo & Rouse, 2008). By com-

Sabarly, Lucas-Picher, Brissette, & Poulin, 2016; Snauffer et al., 2016).

bining data from several gridded datasets, the MRB water budget was

Although the assimilation and interpolation methods used to produce

within 10% of the observed run-off (Szeto, Tran, MacKay, Crawford, &

gridded datasets have improved (e.g., Rienecker et al., 2011;

Stewart, 2008). The present study assesses currently available gridded

Bosilovich et al., 2015; Dee, Uppala, et al., 2011), the suitability of

datasets.

gridded datasets as inputs for environmental modelling remains a con-

This study has two objectives: (i) assess the similarity of three daily

cern (Bennett et al., 2013; Crout et al., 2008; Mo, Ye, & Whitfield,

gridded datasets to daily climate station temperature and precipitation

2014). Seasonal biases in gridded precipitation lead to biased simula-

observations over a spatial domain in the southern NWT subarctic

tions of river flow (Essou et al., 2016; Islam & Déry, 2017). For exam-

Canada and (ii) evaluate the impacts of using gridded temperature and

ple, a cold bias in the ERA-40 temperature and precipitation gridded

precipitation datasets instead of observations as inputs to an opera-

dataset resulted in models with a late start to snowmelt (Woo &

tional

Thorne, 2006).

(ANUSPLIN) and two reanalysis gridded datasets (ERA-Interim and

hydrological

model.

One

interpolated

gridded

dataset

Several studies have evaluated gridded datasets across Canada;

MERRA-2) are assessed for acceptable similarity against observations

ERA-Interim and Modern-Era Retrospective Analysis for Research and

using: (a) population statistics that compare the entire distributions;

Application (MERRA) were the most consistent with observed data

(b) temporal structure that determines whether differences are random

(Lindsay, Wensnahan, Schweiger, & Zhang, 2014) and interannual vari-

or introduce a signal not present in the observations; and

ability (Rapaic, Brown, Markovic, & Chaumont, 2015). Summer biases in

(c) differences in outputs from hydrological models driven by gridded

gridded precipitation were consistently the lowest in Australian National

datasets and observations that translate into biases that originate in the

University Spline (ANUSPLIN) (Wong, Razavi, Bonsal, Wheater, &

dataset. These three comparisons complement previous studies and

Asong, 2017). Before supplementing, or replacing, observations with

provide a more detailed investigation of accuracy and biases in gridded

gridded datasets, gridded datasets should be thoroughly verified against

datasets that could be used where observational data are limited.

existing observations to understand their limits (Crout et al., 2008; Mo
et al., 2014). Obtaining long-term independent observations to validate
gridded datasets in the southern NWT remains difficult. A comparison
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STUDY AREA

of reanalysis-to-station comparison should consider two issues: (a) use
of truly independent station data and (b) how to treat the gap in scales

The southern NWT is one of the most rapidly warming areas of

between the reanalysis and the point locations (Trubilowicz, Shea, Jost, &

Canada (Vincent et al., 2015), with air temperatures rising at twice the

Moore, 2016). In the southern NWT, the only truly independent data

rate of other regions (Richter-Menge, Overland, & Mathis, 2017).

readily available were the short record from Scotty Creek.

Accelerated warming in this region has resulted in widespread perma-

Smoothing of daily data to monthly and seasonal means can

frost thaw (Beilman & Robinson, 2003), including changes to land-

reduce the effect of biases and outliers (Zhang et al., 2011) at the cost

cover and hydrological patterns (St. Jacques & Sauchyn, 2009;

of lost temporal resolution. Many studies have focussed on seasonal

Whitfield & Cannon, 2000). Understanding the impacts of these

or annual means of climate variables (e.g., Wong et al., 2017; Zhang

changes in air temperature is important from ecological, social, and

et al., 2011) but means alone may not reflect variability that is impor-

economic perspectives (Rowland et al., 2010).

tant hydrologically. Although identifying changes in mean climate is

The boreal forest that dominates the landscape of the southern

important, the entire distribution is known to have climatological and

NWT (Figure 1) is underlain by discontinuous permafrost (Beilman &

hydrological impacts (Cornes & Jones, 2013; Field et al., 2012). Multi-

Robinson, 2003) and has a continental climate with long cold winters

ple metrics should be used to compare datasets so as to reflect all

and short summers. Monthly air temperature typically ranges from

aspects of a time series and to offset existing bias that maybe inher-

−29 C (January) to 24 C (July) (Phillips, 1990). Air temperatures in the

ent in a particular metric (Bennett et al., 2013; Mo et al., 2014; Wilby

NWT have risen by 1.5 C to 3.0 C between 1948 and 2012, with the

et al., 2017). Using only a few statistical methods to understand

last decade being the warmest (Vincent et al., 2015). Climate stations

uncertainty may lead researchers to incorrectly infer the suitability of

within the southern NWT have similar seasonal patterns of temperature

gridded datasets (Bennett et al., 2013; Crout et al., 2008; Jain &

and precipitation and decadal change patterns (Whitfield, Hall, & Cannon,

Sudheer, 2008). A systematic and comprehensive assessment of

2004). The average total annual precipitation ranges between 200 and

gridded temperature and precipitation datasets is needed to clarify

400 mm, with approximately 40–80% falling as snow (Rouse et al., 1997)

the magnitudes of uncertainty and bias of gridded datasets over data-

between November and March (Phillips, 1990). Total annual precipitation

sparse regions (Lindsay et al., 2014).

generally decreases with increasing latitude in the NWT (Phillips, 1990).

In Northwestern Canada, older versions of gridded datsets have

Changes in the southern NWT include permafrost thaw (Beilman & Rob-

been used in hydrological studies. The Mackenzie GEWEX (Global

inson, 2003), landcover (Quinton, Hayashi, & Chasmer, 2011), run-off

Energy and Water Cycle Experiment) Study (MAGS) characterized the

generation (Connon, Quinton, Craig, & Hayashi, 2014), and streamflow

3
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F I G U R E 1 Topography of the southern Northwest Territories showing the location of the seven climate stations (black dots) and Scotty
Creek Research Watershed (white dot) and of the study area in Canada

patterns (St. Jacques & Sauchyn, 2009; Whitfield & Cannon, 2000) that

for instrumentation and data collection for air temperature and pre-

have been linked to climate warming (Rowland et al., 2010).

cipitation at Scotty Creek Research Basin (Quinton & Baltzer, 2013;
Wright, Hayashi, & Quinton, 2009) conform to WMO practices. Climate observations were quality controlled using the methods of Klein
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3.1

Tank, Zwiers, and Zhang (2009).

Data and datasets

|

3.1.2
3.1.1

|

|

Gridded datasets

Station observations
Details of the three-gridded datasets from 1980 to 2013 are provided

Daily maximum and minimum temperatures and precipitation data

in Table 1 and described in the preceding paragraphs. These gridded

were obtained from the Environment and Climate Change Canada

datasets replace older versions and benefit from (a) increased spatial

database for the seven climate stations shown in Figure 1. These sta-

and

tions are part of the World Meteorological Organization (WMO)

(Bosilovich et al., 2015; Dee, et al., 2011), and (c) better representa-

Global Climate Observing System and Regional Basic Climatological

tion of precipitation (Bosilovich et al., 2015). Interpolation of observa-

Networks, thus follows the WMO observation standards. Stations

tions and gridded datasets to a common grid size before evaluation

included in this study were selected based on their suitability in cli-

may

mate change and variability studies and their length of record. Envi-

Gyakum, Atallah & Neale, 2014).

temporal

introduce

resolution,

further

(b)

improved

uncertainties

assimilation

(Gervais,

methods

Tremblay,

ronment and Climate Change Canada data collection processes are

Hutchinson et al. (2009) developed a climate dataset of daily air

described in Louie et al. (2002). A climate station at the Scotty Creek

temperature and precipitation over Canada using the ANUSPLIN

Research Basin, NWT was also included for the period 2004–2013 to

model. The ANUSPLIN dataset uses station observations and the tri-

provide an independent set of observations, observations not

variate thin-plate smoothing spline surface interpolation method to

included in the generation of the gridded datasets.

generate a dataset at a spatial resolution of ~10 km across Canada

Scotty Creek is a peatland-dominated catchment typical of most

from 1950 to 2013 (Table 1; Hutchinson et al., 2009). This gridded

of the southern NWT that consists of channel fens, bogs, and peat

dataset, obtained from Natural Resources Canada, has yet to be thor-

plateaus that are underlain by discontinuous permafrost (Quinton

oughly evaluated over the southern NWT.

et al., 2011). Research at this basin seeks to improve the understand-

ERA-Interim is the ECMWF global reanalysis atmospheric gridded

ing of regional hydrological processes (Quinton et al., 2011). Methods

dataset (Dee, et al., 2011) developed as a replacement of ERA-40

4
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TABLE 1

Summary of the characteristics of the three-gridded datasets over study domain

Dataset name

ANUSPLIN

ERA-Interim

MERRA-2

Data assimilation method

Spline interpolation of using
station temperature and
precipitation observations

4D-VAR using observations (e.g.,
satellite remote sensing, in situ,
radio sounding, profilers, and
numerical weather forecasting)

3D-VAR now includes
observation corrected
precipitation forcing for land
surface. Includes aerosol
data in assimilation process

Time period

1950–2013

1979–present

1980–present

Temporal resolution

Daily

6 hourly and daily

3 hourly and daily

Model output spatial resolution

10 km × 10 km

0.75 × 0.75 (~79 km) but user can
select down to 0.025 × 0.025
(~13 km × 13 km)

0.5 × 0.65 (~50 × 50 km)

Other data

—

Surface, upper air atmospheric, and
hydrological variables

Surface and upper air
atmospheric and
hydrological variables

Principle reference

Hutchinson et al. (2009)

Dee, Uppala, et al. (2011)

Bosilovich et al. (2015)

Source

Natural Resources Canada
(https://cfs.nrcan.gc.ca/
projects/3)

http://apps.ecmwf.int/datasets/
data/interim-full-daily/
levtype=sfc/

https://disc.gsfc.nasa.gov/
datasets?keywords=merra2&page=1

(Uppala et al., 2005). ERA-Interim used a four-dimensional variational

2006). Differences in these measures could identify biases that limit

data assimilation, which considers the time of an observation that

use. The two-sample Kolmogorov–Smirnov (KS) test was used to

occurs within the analysis window (Dee, et al., 2011) to improve the

determine if the cumulative distribution of the time series of a grid

treatment of biases in observations and changes in the observing sys-

point nearest to a climate station and the observation time series were

tem and better represent hydrological cycle (Dee, et al., 2011; Uppala

different (Wilks, 2006), for each gridded dataset and each climate sta-

et al., 2005). ERA-Interim uses a spectral T255 (79 km) model grid for

tion. Duration curves compare magnitudes on an exceedance basis

which the datasets are available since 1979.

showing where biases exist (Cole, Johnston, & Robinson, 2003).

The MERRA-2 is a gridded NASA product (Bosilovich et al.,

Pearson's correlation coefficient (R) indicates the strength and the

2015). MERRA-2 (McCarty et al., 2016) includes ground and satellite-

direction (sign) of the relationship between observed and a gridded

based precipitation observations to drive the land surface water bud-

dataset; however, it is insensitive to differences in mean and variance

get that has not been widely evaluated against station observations in

(Mo et al., 2014). A linear regression between observations and a

the NWT.

gridded dataset is expected to have a slope of one and an intercept of
zero. In addition, the homogeneity of variances of the residuals of the
regression errors were tested using the Breusch–Pagan test (Breusch &

3.2

|

Statistical evaluation

Pagan, 2006).
The utility of a gridded dataset also depends on the temporal

There is no single satisfactory method for quantitatively evaluating

structure being similar to observed data. Time series data have struc-

similarity among datasets (Bennett et al., 2013). When comparing

ture resulting from persistence, cycles, and/or trends. Whether local

observed and gridded time series, the acceptable similarity should be

structural similarities of the observed data were represented in the

based on the gridded time series having similar statistical and struc-

gridded datasets was assessed with the Wang–Bovik (WB) index

tural characteristics as the observed time series (Mo et al., 2014).

(Wang & Bovik, 2002) that penalizes the correlation for differences

Metrics often used to assess the performance of gridded datasets

between means and variances of the two time series (Mo et al., 2014).

include mean error (ME), root mean square error (RMSE), mean abso-

In the southern NWT, it is particularly important that gridded

lute error (MAE), correlation coefficients (R), regression slope (slope),

datasets capture the onset of melt and freezing periods; if the timing

and Nash–Sutcliffe model efficiency (NSE) (Nash & Sutcliffe, 1970;

of these transitions is inaccurate, any subsequent hydrological analysis

Essou et al., 2016; Islam & Déry, 2017; Rapaic et al., 2015). All statisti-

will be biased. The melt onset date is the first day when the mean

cal tests were performed at p ≤ .05 using the R statistical language

daily air temperature is above 0 C and follows last 5-day period when

(R Development Core Team, 2016). A summary of statistical methods

the daily mean air temperature is below 0 C in spring (March to May;

and the functions and packages used are provided in Table S1.

Shi, Marsh, & Yang, 2015). Similarly, the freezing onset date is defined

A simple test of gridded data suitability is population statistics;

here as the first day when the mean daily air temperature is below

mean and standard deviation measure the location and spread of the

0 C, following the last 5-day period between when the daily mean air

distribution, whereas skewness and kurtosis measure its shape (Wilks,

temperature is above 0 C in fall (October to November).

5
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3.3 | Sensitivity analysis using cold regions
hydrological model

2019). Because no discharge data exists at the subcatchment level, model
performance was determined to be acceptable by comparing observed
and simulated snow depth, snow water equivalent, evapotranspiration,

The sensitivity of simulated run-off to inputs from different gridded

and water level in multiple hydrological response units against model out-

datasets and an independent observation dataset was evaluated by com-

put (Stone et al., 2019). Here, the same model was used changing only

paring outputs from a cold regions hydrological modelling (CRHM) plat-

the input forcings using daily temperature and precipitation from ANU-

2

headwater

SPLIN, ERA-Interim, and MERRA-2 for the grid point nearest to Scotty

subcatchment of Scotty Creek, NWT. CRHM has been applied across

Creek for the period from 2008 to 2013. The effects of each of the forc-

many cold region studies (Fang et al., 2010; Pomeroy et al., 2007), includ-

ing datasets on simulated run-off were assessed by the methods outlined

ing Scotty Creek (Quinton & Baltzer, 2013). CRHM is a physically based,

in Section 3 and are illustrated by the simulated hydrographs.

form (Pomeroy et al., 2007) model for a 0.45-km

lumped modelling platform designed to simulate cold regions hydrological
processes in small to medium-sized basins (Pomeroy et al., 2007). CRHM
has a limited need for calibration (Pomeroy et al., 2007). The input forcing

4
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dataset, used to simulate discharge for the subcatchment, consisted of
measured relative humidity, wind speed, incoming shortwave radiation,

4.1

|

Populations statistics comparison

temperature, and precipitation at Scotty Creek from 2008 to 2013. Other
model parameters for CRHM were transferred to similar basins or from

Gridded datasets have lower mean Tmax and generally higher mean

field observations at Scotty Creek (Quinton & Baltzer, 2013; Stone et al.,

Tmin than observations for all stations (Figure 2a,b). ANUSPLIN Tmax

F I G U R E 2 Statistical properties of gridded data against observations. Daily maximum temperature (a, d, g, and j), daily minimum temperature
(b, e, h, and k), and daily precipitation (c, f, i, and l); mean (central tendency), standard deviation (spread), skewness (symmetry), and kurtosis
(peakedness) of the eight stations for observations
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and Tmin aligned closely with observations, with an ME less than

number of precipitation events. The frequencies of gridded datasets

0.58 C and 1.33 C, respectively (Figure 2). Observed and ANUSPLIN

in higher precipitation intervals were generally overestimated. The KS

Tmax and Tmin standard deviations were similar, whereas ERA-Interim

test rejected the null hypothesis (p ≤ .05) that gridded precipitation

had smaller standard deviations (Figure 2d,e), and for most stations,

was the same as observations (Table 2).

MERRA-2 had larger standard deviations than observations. The

Generally, the data for most stations in the study were similar; for

skewness of Tmax and Tmin (Figure 2g,h) was negative at all stations,

brevity, only the results for selected metrics from Fort Simpson are

reflecting the lower variability of low temperatures. Kurtosis was simi-

presented. The Fort Simpson climate station was chosen because (a) it

lar to observations (Figure 2j,k) increasing from north to south.

has consistent long-term observations records, (b) the climate regime

The daily mean precipitation for all three-gridded datasets were

and the peatland dominant landscape at Fort Simpson are representa-

generally higher than observations (Figure 2c). The gridded datasets

tive of the southern NWT, (c) it is close to Scotty Creek, and (d) earlier

did not capture the variability present in the observed precipitation;

studies, particularly the Mackenzie GEWEX, extensively used data

the standard deviations of ANUSPLIN and ERA-Interim precipitation

and gridded datasets for Fort Simpson. The results for the other cli-

were smaller than those of observations, whereas MERRA-2 was gen-

mate stations in Table 2, which had been used in producing the

erally higher (Figure 2f). The skewness (Figure 2i) and kurtosis

gridded datasets, and Scotty Creek, which is an independent dataset,

(Figure 2l) were large and positive for all datasets and the observa-

were similar to Fort Simpson. At Fort Simpson, the probability distri-

tions, which are typical of precipitation data but were considerably

bution function (PDF) for Tmax and Tmin for ANUSPLIN, MERRA-2,

smaller in the gridded datasets. The skewness of gridded precipitation

and ERA-Interim generally took the same shape as the observations

datasets was reflected in underestimation of the frequency where

(Figure S1). All PDFs had either two peaks and a shoulder or three

precipitation was lowest (<0.1 mm), which accounts for the largest

peaks indicating a mixture of populations. Three peaks were evident

Location

Dataset

Maximum temperature

Minimum temperature

Precipitation

“Best value”

>0.05

>0.05

>0.05

Fort Reliance

ANUSPLIN

0.84

0.22

<0.01

ERA-Interim

<0.01

<0.01

<0.01

MERRA-2

<0.01

<0.01

<0.01

Yellowknife

Fort Simpson

Scotty Creek

Hay River

Fort Smith

Fort Liard

Fort Nelson

ANUSPLIN

0.81

0.01

<0.01

ERA-Interim

<0.01

<0.01

<0.01

MERRA-2

<0.01

<0.01

<0.01

ANUSPLIN

0.26

0.51

<0.01

ERA-Interim

<0.01

<0.01

<0.01

MERRA-2

<0.01

<0.01

<0.01

ANUSPLIN

0.74

<0.01

<0.01

ERA-Interim

<0.01

<0.01

<0.01

MERRA-2

<0.01

<0.01

<0.01

ANUSPLIN

0.70

0.88

<0.01

ERA-Interim

<0.01

<0.01

<0.01

MERRA-2

<0.01

<0.01

<0.01

ANUSPLIN

0.54

0.97

<0.01

ERA-Interim

<0.01

<0.01

<0.01

MERRA-2

<0.01

<0.01

<0.01

ANUSPLIN

0.27

0.15

<0.01

ERA-Interim

<0.01

<0.01

<0.01

MERRA-2

<0.01

<0.01

<0.01

ANUSPLIN

0.85

0.80

<0.01

ERA-Interim

<0.01

<0.01

<0.01

MERRA-2

<0.01

<0.01

<0.01

Note: For values ≤0.05, underlined, the null hypothesis is rejected, that is, observations and gridded
datasets do not represent the same continuous distribution.

T A B L E 2 Kolmogorov–Smirnov test
to assess the distributional similarity
between the observations and gridded
datasets
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TABLE 3

Berusch–Pagan test to assess for homoscedasticity of residuals of the regression of gridded against observations at Fort Simpson
Maximum temperature

Minimum temperature

Precipitation

Month

ANUSPLIN

ERA-Interim

MERRA-2

ANUSPLIN

ERA-Interim

MERRA-2

ANUSPLIN

ERA-Interim

MERRA-2

“Best value”

>0.05

>0.05

>0.05

>0.05

>0.05

>0.05

>0.05

>0.05

>0.05

0.70

0.28

0.76

0.98

0.14

0.80

0.46

<0.01

0.90

Feb

0.61

0.25

0.64

0.51

0.11

0.45

0.04

<0.01

0.15

Mar

0.69

0.65

<0.01

0.44

<0.01

0.76

0.19

0.03

0.55

Jan

Apr

0.97

<0.01

<0.01

0.97

<0.01

0.07

0.39

0.20

0.44

May

0.93

<0.01

<0.01

0.66

0.03

0.38

0.28

0.07

<0.01

Jun

0.64

<0.01

<0.01

0.32

0.01

0.02

0.26

0.10

<0.01

Jul

0.69

<0.01

<0.01

0.04

<0.01

<0.01

0.65

0.13

<0.01

Aug

0.98

<0.01

<0.01

0.06

<0.01

<0.01

0.08

0.20

<0.01

Sep

0.39

<0.01

<0.01

0.39

0.08

0.03

0.66

0.49

<0.01

Oct

0.65

<0.01

0.15

0.01

<0.01

0.36

0.18

0.01

0.05

Nov

0.65

0.13

0.69

0.46

<0.01

0.06

0.14

0.01

0.05

Dec

0.85

0.01

0.22

0.31

0.08

0.45

0.44

0.00

0.13

Note: For values ≤0.05, underlined, the null hypothesis is rejected, that is, observations and gridded residuals are not homoscedastic.

in MERRA-2 Tmax, and further examination of the observations

for all three datasets (Figure 5, Table S2). Across all stations, ANU-

showed that they occurred between October and March and to a

SPLIN precipitation had the smallest MAE, RMSE, ME, and NSE and

lesser extent during May and September on days when the Tmax was

the highest slope; therefore, was more similar to observed precipita-

transitioning from colder to warmer temperatures (or vice versa). Dif-

tion (Figure 5a) than either ERA-Interim (Figure 5b) or MERRA-2

ferences in daily Tmin were most pronounced in the coldest part of the

(Figure 5c). Daily precipitation events were compared for 12 intervals

PDFs, where the ERA-Interim underestimated and MERRA-2 over-

for observation and gridded datasets (Figure 6); gridded datasets had

estimated Tmin. The KS test statistic confirmed that ANUSPLIN Tmax

fewer of the smallest events (<0.1 mm) compared with observations

and Tmin did not differ significantly from observations, but both ERA-

and more of the larger events (>0.1 mm). Overall, the consistency

Interim and MERRA-2 did (Table 3). Duration curves (Figure 3) con-

between the different datasets was stronger for daily maximum and

firmed that ANUSPLIN closely reproduced the behaviour of the

minimum temperatures than for daily precipitation. These differences

observed temperatures and that ERA-Interim and MERRA-2 had

exist across a range of intensities (Figure 6), and the bias for ANU-

lower values in the highest Tmax and MERRA-2 had lower Tmax in low-

SPLIN was less than that for ERA-Interim and MERRA-2.

est Tmax values. MERRA-2 had higher Tmin in the lower range of Tmin
values. ERA-Interim Tmax bias was greater above 0 C and the MERRA2 bias below 0 C. ERA-Interim had a consistent Tmin positive bias

4.2

|

Temporal structure

below 0 C (Figure 3).
The Tmax and Tmin for the observed and gridded datasets were lin-

The differences between gridded datasets and observations were nei-

early related (Figure 4) with slopes close to 1.0 (between 0.86 and

ther small nor random and had a seasonal structure (Figure 7). The

1.10, Table S2). The slopes of the ERA-Interim and MERRA-2 regres-

MAE for ANUSPLIN Tmax and Tmin ranged from 0.5 C to 1.5 C and

sions tended to either over predict or under predict temperatures

were largest in the winter and smallest in the summer. ERA-Interim

compared with ANUSPLIN (Figure 4). ANUSPLIN (Figure 4a,d)

and MERRA-2 had colder Tmax temperatures than the observations

showed less scatter, consequently a smaller MAE and RMSE and a

(Figures 2–4), and the seasonal structure of MAE had the highest

higher NSE and R (Table S2) at all stations. ANUSPLIN underestimated

biases during winter (November to March; Figure 7a). ERA-Interim

Tmax and Tmin (small negative ME). ERA-Interim (Figure 4b,e) and

and MERRA-2 Tmin had the highest MAE, which for MERRA-2 was

MERRA-2 (Figure 4c,f) had more scatter and larger ME, MAE,

largest during summer and smaller in winter (Figure 7a), whereas the

and RMSE. The Tmax ME in the MERRA-2 was larger at all stations

MAE for Tmin from ERA-Interim was largest in March and April.

(Table S2). NSE, WB, and R for the daily Tmax and Tmin were greater

The ERA-Interim results for temperatures had abrupt changes unlike

than 0.86 (Table S2) suggesting that the ERA-Interim and MERRA-2

the smooth seasonal pattern of the other two-gridded datasets.

had a similar temporal pattern to observations.

The temporal structure of the differences between observations

The magnitude of observed precipitation events was under-

and gridded datasets also existed at the daily level. At all climate sta-

estimated in gridded datasets as the linear relationship between

tions, small but significant autocorrelations were found for ANUSPLIN

observed and gridded precipitation datasets falls below the 1:1 line

in lags 1–20 (not shown), suggesting a difference in the daily temporal
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observations and gridded datasets, especially from May to September,
may explain the low correlations in Figure 5. The difference between
observed precipitation and gridded datasets also had a temporal structure; all climate stations demonstrated significant autocorrelation at
multiple time steps. ANUSPLIN exhibited homoscedasticity of residuals
in all months, whereas ERA-Interim failed the Breusch–Pagan test in
winter and MERRA-2 in summer and fall (Table 3).
Melt onset dates had large interannual variability (Figure 8a).
ANUPSLIN and ERA-Interim were similar to station observations, but
large differences occur in some years. MERRA-2 consistently showed
a later melt onset date than observations. Freezing onset dates for
ANUSPLIN and ERA-Interim were similar to the observed onset dates,
with large exceptions in the winter of 1992 and 2007 where they
failed to capture observations at Fort Simpson (Figure 8b). MERRA-2
recorded earlier winter onset dates than observations, with exceptions, at Fort Simpson, in 2005 and 2010 (Figure 8b).

4.3 | Hydrological sensitivity to differences in
gridded datasets
Simulated run-offs generated by CRHM, driven by either observations
or gridded datasets, were evaluated with reference to a 1:1 line in a
plot of observation data-driven and gridded dataset-driven run-off
(Figure 9). The performance of CRHM for the 0.45-km2 subbasin when
forced with ANUSPLIN temperature and precipitation was closer to
simulated run-off using observed data when compared with forcing
with either ERA-Interim or MERRA-2. The metrics (Figure 9) for ANUSPLIN forced simulated run-off had a smaller ME (−0.25), MAE (0.41),
and RMSE (1.35) but also a higher NSE (0.46), WB (0.60), and R (.70).
F I G U R E 3 (a) Daily maximum temperature and (b) daily minimum
duration curves for observations, ANUSPLIN, ERA-Interim, and
MERRA-2 for Fort Simpson, Northwest Territories, from 1980
to 2013

Run-off simulations forced by gridded datasets were different
(KS p ≤ .05) from simulations using observations. Simulated hydrographs driven with the three-gridded dataset captured events that are
typical for Scotty Creek (Figure 10; Quinton et al., 2011), spring freshet
in April/May, and baseflow-dominated run-off during October to
March. But considerable variability existed among the hydrographs
driven by the three types of gridded precipitation and air temperature

structure, that was more pronounced for ERA-Interim and MERRA-2

dataset (Figure 10). Although the population statistics for ERA-Interim

than ANUSPLIN. The Breusch–Pagan statistic confirmed homoscedas-

were similar to those for ANUSPLIN forcing (Figure 9), the simulated

ticity of residuals for ANUSPLIN Tmax, but not for ERA-Interim and

ERA-Interim hydrograph showed an earlier freshet date and a lower

MERRA-2, where during summer (Table 3), residuals were not homo-

peak run-off (Figure 10). The MERRA-2 driven hydrograph had the

scedastic. For Tmin, the homoscedasticity of residuals for ANUSPLIN

greatest difference from observations; the peak generated by snowmelt

in all months but July and October was confirmed by the Breusch–

was the most delayed but was also nearly three times higher than the

Pagan test; ERA-Interim and MERRA-2 failed this test in most months

peak simulated with observations (Figure 10). MERRA-2 forcings also

(Table 3) suggesting that the differences should not be attributed to

produced further run-off events during the summer period. The hydro-

random errors.

graph forced by ANUSPLIN was most similar to that forced by observa-

The difference between observed precipitation and gridded

tions in terms of both timing and magnitude. The fluctuations of

datasets was strongly seasonal (Figure 7b) with MAE being larger dur-

the ERA-Interim hydrograph were greater than the relatively muted

ing the spring and summer, and smaller in winter when precipitation

ANUSPLIN hydrograph but not as great as those produced using

amounts are smallest in the subarctic, for all gridded datasets. ANU-

MERRA-2 forcings. Flow duration curves (Figure 10 inset) showed that

SPLIN had the smallest precipitation bias (<1.0 mm/day MAE). ERA-

ANUSPLIN and ERA-Interim forcings resulted in flows quite similar in

Interim and MERRA-2 both had large spring and summer MAEs

probability to observations. MERRA-2 systemically overestimated high

(>2.0 mm/day; Figure 7b). The systematic differences between

run-off and consistently underestimated low run-off (Figure 10 inset).
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F I G U R E 4 Example for Fort Simpson demonstrating the relationship of (a–c) observed maximum and (d–f) observed temperatures against the
gridded data for ANUSPLIN (a and d), ERA-Interim (b and e), and MERRA-2 (c and f) from 1980 to 2013. In each case, the dashed line is the
regression line of the gridded data to the observations, and the black line is the 1:1 line; also presented are the mean error (ME), mean absolute
error (MAE), root mean square error (RMSE), Nash–Sutcliffe model efficiency (NSE), and Wang–Bovick statistic (WB). The total number of
observations N is 12,000

5

|

DISCUSSION

is essential (Lindsay et al., 2014) not only to determine their suitability
for a specific use but also to quantify uncertainties (Bennett et al.,

Gridded datasets are a reasonable alternative source of surface mete-

2013; Crout et al., 2008; Jain & Sudheer, 2008; Mo et al., 2014). If

orological forcings (e.g., Essou et al., 2016; Islam & Déry, 2017;

gridded datasets are to be used to strengthen knowledge of hydro-

Ledesma & Futter, 2017; Way et al., 2017), but it is important to eval-

climatic and extreme processes, their biases and uncertainties should

uate and assess gridded products at the specific scale at which they

be made available (Dee, Källén, Simmons, & Haimberger, 2011).

will be used (Wong et al., 2017). In hydrological applications, such as

Ideally, truly independent station observations would be used to

watershed modelling, biases in forcing data at any scale have the

validate gridded datasets. Trubilowicz et al. (2016) bridged the gap in

potential to affect the results. Population statistics alone (mean and

scales between a reanalysis product and point locations in mountain-

variance) may be relevant when considering annual differences and

ous terrain using observations from a short temporal period (<3 years)

trends but are not sufficient evidence that the dataset will be suitable

and a different gridded dataset. In the absence of a sufficiently dense

for use at finer timescales as is done in hydrological simulations.

hydrometeorological observing network in the NWT, options for

Observations and gridded datasets can differ in fundamental statisti-

assessing the different gridded products with independent stations

cal characteristics such as their shape, skewness, and tail behaviour

observations are limited. Scotty Creek data were not included in the

(Director & Bornn, 2015). Systematically evaluating gridded datasets

ANUSPLIN interpolation model or ERA-Interim/MERRA-2 assimilation
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F I G U R E 5 Daily observed precipitation against the daily gridded data at Fort Simpson, (a) ANUSPLIN, (b) ERA-Interim, and (c) MERRA-2.
Dashed line is the regression line of the gridded data to the observations, and the black line is the 1:1 line; also presented are the mean error
(ME), mean absolute error (MAE), root mean square error (RMSE), Nash–Sutcliffe model efficiency (NSE), and Wang–Bovic statistic (WB). The
total number of observations N is 12,000 < N ≤ 12,410 between 1980 and 2013

Local conditions are often not captured in the gridding process but
are integral to the observed series. ANUSPLIN interpolates between
surface observations to minimize overall interpolation error so observation points are not changed (Hutchinson et al., 2009), and local conditions are largely captured. ERA-Interim and MERRA-2 use additional
information, such as remote sensing data, that captures regional scale
information and might not retain the local conditions of observations.
Although gridded datasets are biased, they are not necessarily
worse than observations in representing the spatiotemporal distribution of temperature and precipitation at larger scales over the southern NWT. The quality of gridded products is directly linked to the
number of observation stations and quality of observations used in
the interpolation processes (Haylock et al., 2008) and assimilation processes (Dee, 2011; Rienecker et al., 2011; Reichle et al., 2017). For
F I G U R E 6 The ratio of the relative frequency ANUSPLIN/
OBSERVED, ERA-Interim/OBSERVED, and MERRA-2/OBSERVED
daily precipitation. The dash line at 1.0 indicates the count per
intensity category that would be expected if the gridded data were
equal to observed data

example, observations collected using various types of instruments
and applying different correction methods may also lead to different
results (Taskinen & Söderholm, 2016). Some differences between
observations and gridded products can be attributed to the challenges
in measuring solid precipitation in northern Canada (Bonsal &
Kochtubajda, 2009). The biases in ANUSPLIN are not as large as
would be expected given that the observation data in Northern
Canada are approximately 20 times sparser than in southern Canada

models, but the data from this location were similar to those from Fort

(Hutchinson et al., 2009). The biases in MERRA-2 may be attributed

Simpson and other stations.

to the fact that the precipitation correction in MERRA-2 did not

Biases that might exist in gridded products intended for use in

extend into high latitudes (Reichle et al., 2017).

hydrological modelling were assessed here using three complemen-

Previous studies evaluated the mean and variance of individual

tary approaches. If gridded products do not retain fidelity to the local

gridded datasets on coarse timescales, such as annual, seasonal, and

scale observations, it is unlikely that hydrological model performance

monthly (Henn, Newman, Livneh, Daly, & Lundquist, 2018; Rapaic

driven by such products will be satisfactory (Ledesma & Futter, 2017).

et al., 2015). That approach is insufficient for applications such as
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et al., 1997). Datasets with systematic biases in Tmax near 0 C
(e.g., Figure 4c) should be avoided in process-based studies because
feedbacks in permafrost terrain at these latitudes are often poorly
simulated (Hagemann, Blome, Ekici, & Beer, 2016). The extent and the
timing of near-surface permafrost degradation is sensitive to biases in
forcing datasets and could affect understanding future behaviour
(Slater & Lawrence, 2013).
Using different input forcing for CRHM simulations, at Scotty
Creek, demonstrated the impacts on streamflow simulations of using
gridded temperature and precipitation datasets as a substitute for
observations. CRHM run-off simulations forced by ANUSPLIN and
ERA-Interim are generally encouraging; they match reasonably well
the freshet timing and baseflow magnitude. Small biases in forcing will
not necessarily mean that models will unrealistically simulate all
details in a hydrological regime (Essou et al., 2016). Simulated hydrographs for the Fraser River Basin using ANUSPLIN forcings (Islam &
Déry, 2017) are similar to observed hydrographs and as are those for
Scotty Creek. Adequately, representing temperature and precipitation
seasonality is important. The precipitation biases during spring and
summer (Figure 7b) suggest that the liquid phase precipitation is overestimated and that these biases from gridded datasets cascade into
the simulated run-off for Scotty Creek. For example, the seasonal
biases identified in

MERRA-2 temperature

and

precipitation

(Figures 7) result in overestimated run-off and poor matching of the
timing and magnitude of peaks (Figure 10).
The differences between gridded datasets and observations limit
F I G U R E 7 (a) Example of monthly averaged daily mean absolute
error between gridded and observed temperatures for ANUSPLIN,
ERA-Interim, and MERRA-2 at Fort Simpson, Northwest Territories.
Maximum temperature (solid lines) and minimum (dashed lines) and
(b) example of monthly averaged mean absolute error between
gridded and observed precipitation

how temperature and precipitation can be incorporated into hydrological modelling. Part of these differences is the result of averaging precipitation over a single (>1,000 km2) grid cell as opposed to a single
point observation at Scotty Creek, capturing region scales at the cost
of local scales. Interpolated distance and the spatial resolution of the
gridded product may not be detailed enough to drive a hydrologic
model for small-scale catchments (e.g., MERRA-2). There are also concerns about the representativeness of using point precipitation observations as an input to support hydrological models that represent a

hydrological modelling, where daily or hourly scales are important. In

large basin. Statistical interpolation of station-point observations to

many applications, understanding how well-gridded datasets mimic

create locally relevant high-resolution gridded datasets over the con-

the statistical properties of observations, particularly the temporal

terminous United States resulted in averages that were unchanged

structure and the tails of the distributions, can their appropriateness

across grid scales from 500 m to 32 km (Thornton, Running, & White,

be determined. The larger set of metrics used here provide a thor-

1997). Comparing the statistical characteristics of daily precipitation

ough, but not exhaustive, characterization of how well or how poorly

time series from station observations with those time series from

these gridded datasets compare with the observational record in the

areal-mean sources is difficult (Osborn & Hulme, 1997); precipitation

time domain. High values of similarity metrics such as correlation

responses tend to be small-scale processes that can be sometimes less

coefficients or NSE do not necessarily imply high distributional or

than the size of the grid boxes so anomalies can occur. When data are

temporal structure similarity (Mo et al., 2014). The results here are

interpolated to represent a larger area, smoothing can produce vari-

consistent with the general findings of Wong et al. (2017) and

ables that have statistical characteristics that are different from those

Diaconescu et al. (2018); however, the graphical techniques presented

of the station observations (Diaconescu et al., 2018; Haylock et al.,

provide additional insight into the shortcomings of gridded datasets

2008). Spatial matching between gridded datasets and station obser-

that may not be evident in statistical performance measures (Crout

vations will never be perfect (Sapiano & Arkin, 2009). Using forcing

et al., 2008). For example, in MERRA-2 Tmax (Figure 4c), there is a

datasets from large grid cells may reduce local information important



clear discontinuity where the gridded temperatures are near 0 C.

in small subcatchments (such as Scotty Creek) as could using gridded

Air temperature and snow depth are two important climatic vari-

land use, soil, and slope information in such a model. Where gridded

ables that determine the existence of permafrost in the NWT (Rouse

datasets are used in place of observations, these types of biases need
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F I G U R E 8 (a) Deviation onset date of melt from long-term average for Fort Simpson computed as the first day on which mean daily air
temperature was above 0 C, following the last 5-day period between March and April, when the daily mean air temperature was below 0 C and
(b) deviation of onset date of freezing from long-term average observed onset date. The onset date of freezing is defined as the first day on which
mean daily air temperature was below 0 C following the last 5-day period between October and November when daily mean air temperature was
above 0 C

to be recognized and acknowledged. The reasons behind these poten-

assimilation schemes such as the recently released ERA5 global

tially correlated errors between gridded dataset and CRHM are left as

reanalysis dataset from ECMWF, which succeeds ERA-Interim

a subject for future research.

(Hersbach et al., 2018).

The day on which melt and freezing start in the gridded dataset

The evaluation undertaken here does not diagnose sources of

does not always match observations (Figure 8) and led to incorrect

uncertainty of individual gridded dataset and model performance

timing of freshet. These differences are a critical concern for peak

but demonstrate a robust analysis to provide qualitative informa-

flow in a small watershed and subsequent hydroclimatic analysis

tion about how biases in daily temperatures and precipitation may

that without correction will be biased. Despite this, the timing of

impact simulated run-off over at Scotty Creek. Because the means

peak run-off performance was notably better here when compared

and standard deviations of the distributions of precipitation in

with the findings of the MAGS (Szeto et al., 2008) where modelled

gridded datasets (ERA-Interim and MERRA-2) are different to

peak run-off occurred 2 months earlier than the observed peak

observations, the mean of the results of models using those

over MRB using the ERA-40 gridded dataset. At Scotty Creek,

datasets will contain bias. The differences in moments between the

ERA-Interim-forced hydrograph had earlier peak flows (~2 weeks)

gridded data and observations, CRHM model results will differ from

during the spring freshet (Figure 10) highlighting an improvement

those driven by observations and will depend upon the differences

made in ERA-Interim. This improvement maybe also attributed

between these moments. For example, none of the gridded datasets

other factors such as the differences in spatial scales used in the

were able to robustly reproduce the observed daily precipitation

hydrological simulations; in this study, simulations were done at

skewness and kurtosis. This also led to bias in simulated run-off

microscale (<1 km2), whereas simulations for MRB were done at

suggesting that the assimilation/interpolation schemes are failing to

2

large scale (>1,000 km ; Szeto et al., 2008). Future study should

represent some of the non-linear and/or temporal aspects of gridded

replicate MAGS using different hydrological models and gridded

precipitation. Higher order moments comparisons are often neglected

datasets that have improved spatial and temporal resolution and

(Director & Bornn, 2015; Maeda, Arevalo Torres, & Carmona-Moreno,
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F I G U R E 9 Comparing daily simulated run-off forced by observations against forces by gridded data. Dashed line is the regression line of the
gridded data to the observations, and the black line is the 1:1 line; also presented are the mean error (ME), mean absolute error (MAE), root mean
square error (RMSE), Nash–Sutcliffe model efficiency (NSE), and Wang–Bovic statistic (WB). The total number of observations is 1,825

F I G U R E 1 0 Daily simulated run-off
using CRHM for a 0.45-km2 drainage area at
Scotty Creek for 2011 when driven by
temperature and precipitation input from
observations, and ANUSPLIN, ERA-Interim,
and MERRA-2 datasets. Inset: Flow duration
curves for run-off (on a log scale) simulated
using CRHM driven by four different input
forcing datasets (temperature and
precipitation): observations and three
different gridded

2013) and should be either point-level-to-point-level distributions or

processes across the NWT (e.g., Connon et al., 2014; Shi et al., 2015)

gridded-to-gridded

and in other regions globally (Ledesma & Futter, 2017), but historical

distributions

to

reduce

the

inherent

bias

(Director & Bornn, 2015).

climate data are generally limited. Downscaling temperature and precip-

Although there is no measured hydrograph for the 0.45-km2 sub-

itation from gridded datasets to the Scotty Creek catchment may intro-

catchment at Scotty Creek to compare hydrographs simulated by

duce additional errors or uncertainties (Gervais et al., 2014). Despite

CRHM, a simulated hydrograph using observations was similar to the

the scaling issues, understanding the model sensitivities to differences

observed hydrograph for another subcatchment within Scotty Creek

in gridded products is necessary. Until more long-term observation data

(Connon, Quinton, Craig, Hanisch, & Sonnentag, 2015). Small catch-

becomes available, understanding the limitations of gridded datasets is

ments, such as Scotty Creek, are widely used for studying hydrological

important when used in process-based hydrological studies.
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sis in the data-sparse southern NWT.
3. This study demonstrated that when comparing two hydroclimate
datasets, it is important to use multiple statistical techniques, to
ensure that the structural attributes of the datasets are adequately
understood by users. Results show that although similarity performance measures are good on comparing the means, they may
mask discrepancies in the variance. By using PDF and other evaluation metrics, this research highlighted the presence of systematic
biases in certain parts of the distribution for all three-gridded
datasets. Users are encouraged to do a robust evaluation using
multiple assessment methods to assess their use in hydroclimate
applications as continuing improvements in gridded datasets are
expected to reduce the biases reported here.
Although gridded datasets are no substitute for high-quality long time
series observations, they may be useful where there are limited long-term
observational data both spatially and temporally. These gridded datasets,
despite their limitations in capturing local conditions, are useful for broadscale and regional assessments and can be applied to improve understanding in hydrometeorological processes in data-sparse regions if used with
caution. This information, used with understanding of its limitations, can
aid improving and developing reliable hydrometeorological models that
will assist NWT communities to understand current and future hydrometeorological scenarios assess future impacts.
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