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Multivariate copula quantile mapping for bias correction of
reanalysis air temperature data
Fakhereh Alidoost, Alfred Stein, Zhongbo Su and Ali Sharifi

ITC, University of Twente, Enschede, the Netherlands

ABSTRACT
Reanalysis data retrieved from the European Centre for
Medium-range Weather Forecasts (ECMWF) are commonly
used for hydrological studies. Their use requires bias correction,
defined as the difference between reanalysis values and mea-
surements. We propose three multivariate copula quantile map-
pings (MCQMs) to predict bias-corrected values at unvisited
locations. We apply the methods to the Qazvin Plain, Iran, for
daily air temperature retrieved from weather stations and the
ECMWF archive. Results showed that MCQMs reduced bias by
46% as compared with classical quantile mapping. The study
concludes that MCQMs are well able to represent the spatial
and temporal variation of air temperature.

KEYWORDS
Bias correction; copula;
conditional; mean
temperature; data scarce

1. Introduction

Hydrological studies often require air temperature as a key variable to support water
management in an irrigation network. A particular example concerns daily air tempera-
ture data that are needed in hydrological models for assessing near-real-time crop and
irrigation water requirements and for improving crop water productivity in agricultural
areas. At local scales (Sarma 2005), sparsely and irregularly distributed data from weather
stations are a challenge to be used in hydrological models at unvisited locations in
irrigation networks. To address this problem, additional spatially distributed data may be
included as proxies. A typical example is gridded reanalysis weather data from the
European Centre for Medium-Range Weather Forecasts (ECMWF). These data are avail-
able from the ERA-Interim data assimilation system, one of the most commonly used
reanalysis archives over the last decades (Berrisford et al. 2009, Dee et al. 2011, Persson
2013). The coarse resolution of the models, the mutual dependence of weather para-
meters and the variability of these parameters in space and time are major sources of
uncertainties when using these data (Dee et al. 2011, Durai and Bhradwaj 2014). One
typical type of uncertainty is the presence of systematic differences between the
gridded reanalysis data and the true temperature values at the ground surface. Due to
the relatively coarse spatial resolution of the reanalysis data, a systematic bias may occur
locally.

CONTACT Fakhereh Alidoost f.alidoost@utwente.nl
Supplemental data for this article can be accessed here.

JOURNAL OF SPATIAL SCIENCE
https://doi.org/10.1080/14498596.2019.1601138

© 2019 The Author(s). Published by Informa UK Limited, trading as Taylor & Francis Group.
This is an Open Access article distributed under the terms of the Creative Commons Attribution-NonCommercial-NoDerivatives License
(http://creativecommons.org/licenses/by-nc-nd/4.0/), which permits non-commercial re-use, distribution, and reproduction in any
medium, provided the original work is properly cited, and is not altered, transformed, or built upon in any way.

https://doi.org/10.1080/14498596.2019.1601138
http://www.tandfonline.com
https://crossmark.crossref.org/dialog/?doi=10.1080/14498596.2019.1601138&domain=pdf&date_stamp=2019-04-27


In our paper, we aim to address bias in gridded reanalysis data. We consider weather
station measurements as benchmarks, representing the true values of the near-surface
air temperature. Hence, bias is defined as the difference between the reanalysis values
and the measurements from weather stations (Hannah and Valdes 2001, Persson 2013).
Reanalysis data are centred at grid cells, i.e. we consider an unvisited location at the
centre of a grid cell characterised by a reanalysis value. Positions of weather stations,
however, probably do not closely coincide with the grid centres and hence a bias
correction method has to be applied.

Various bias correction methods have been proposed in the literature: quantile
mapping (Ines and Hansen 2006), linear-scaling factor methods (Lenderink et al. 2007)
and nonlinear methods (Lafon et al. 2013). The Gamma and empirical distributions have
been used for bias correction of precipitation data and the Gaussian distribution for bias
correction of air temperature data (Teutschbein and Seibert 2012, Lafon et al. 2013, Kum
et al. 2014).

Recently, copula-based methods have been developed for deriving bias-corrected
weather data (Vogl et al. 2012, Mao et al. 2015). A copula links univariate distribu-
tions with a multivariate distribution based upon Sklar’s theorem (Sklar 1973, Nelsen
2006). So far, copula-based bias correction methods have mainly been applied to
precipitation time series retrieved from regional climate models under the assump-
tion of temporal stationarity. Laux et al. (2011) employed bivariate copulas to
describe dependences between daily precipitation time series retrieved from a
regional climate model and measurements at three locations where data are avail-
able. They fitted a bivariate copula to daily time series at one location, ignoring the
temporal variation of the copula parameters as well as any spatial dependency. In
addition, the estimation of distributions required to remove autocorrelation and
heteroscedasticity, which may exist in any climate time series (Laux et al. 2011).
Mao et al. (2015) investigated bias correction methods of daily precipitation data and
showed that copula-based bias correction methods perform better than quantile
mapping. To the best of our knowledge, copula-based bias correction for tempera-
ture data has not been developed yet.

The aim of our study is to obtain bias-corrected daily air temperature values at
unvisited locations in a data-scarce area. These values have to be applied in a hydro-
logical model to manage water resources in an irrigation network. We developed three
multivariate copula quantile mappings for this purpose and used those to estimate the
joint multivariate distributions of air temperature. Near-surface air temperature has a
strong and predictable dependence on terrain according to elevation, land surface
temperature and land cover (Hengl et al. 2012, Kilibarda et al. 2014, Parmentier et al.
2015). Our methods include elevation as a quantitative covariate. Previous studies
focused on bias correction using vertical lapse rates, serving as a simple model of the
atmosphere within a vertical column at equilibrium. This is useful especially in mountai-
nous areas (Gao et al. 2012, 2017), but in agricultural areas the relation between
elevation and near-surface air temperature does not follow the lapse rate. We investi-
gated three new methods including two types of dependences: first, we used the
dependence between air temperature and elevation at a single location, second we
used the dependence between air temperatures at a single location and its nearest
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neighbour, and third we integrated these dependences. The three methods are com-
pared with classical quantile mapping.

The structure of this paper is as follows. Copulas and bias correction methods are
presented in Section 2. The study area and data are introduced in Section 3. The results
are discussed in Section 4, followed by the conclusion in Section 5.

2. Method

2.1. Multivariate copula quantile mappings

Multivariate copula quantile mapping (MCQM) is a d-dimensional quantile mapping
method that relies on two conditional copula distributions (Gräler 2014, Verhoest et al.
2015). From two random variables X and Y over the same spatial domain, n samples
x1; . . . ; xnf g are obtained from weather station measurements and m samples
y1; . . . ; ymf g from reanalysis weather data. Bias bi at location i is:

bi ¼ xi � yi: (1)

The joint distribution function H X; Yð Þ is written in terms of a copula as C U; Vð Þ, where U
and V are uniformly distributed random variables (Nelsen 2006). The empirical marginal
probability ui using the rank-order transformation equals:

ui ¼ rank xið Þ
nþ 1

; i ¼ 1; . . . ; n: (2)

A monotone cubic spline is fitted to the pairs (xi; ui) to obtain a continuous approxima-
tion of the marginal distribution FX as ui ¼ FX xið Þ (Fritsch and Carlson 1980). The
marginal distribution FY is estimated in a similar way. Use of an empirical distribution
avoids estimating theoretical marginal distributions that might otherwise affect the
estimation of copula parameters. Further note that the marginal distribution is assumed
to be stationary (see Appendix).

The purpose of quantile mapping is to predict ui at an unvisited location i. The
inverse transformation of the marginal distribution F�1

X provides the bias-corrected
value x̂i:

x̂i ¼ F�1
X ûið Þ (3)

where the notation b denotes that x̂ and û are predicted values. To obtain ûi, we
develop three MCQMs including d-dimensional joint distributions where 2 � d � 3.

MCQM-I: let Z be a covariate for X and Y, e.g. elevation. Then two conditional
distributions CðUjW ¼ wiÞ and CðVjW ¼ wiÞ are obtained based upon bivariate joint
distributions C U;Wð Þ and C V;Wð Þ describing non-spatial dependences, where the dis-
tributions can belong to different families and wi ¼ FZ zið Þ. The marginal probability ûi is
obtained using the inverse transformation of CðUjW ¼ wiÞ as:

ûi ¼ C�1ðCðvi W ¼ wiÞj jW ¼ wiÞ: (4)

Distributions can be extended to higher dimensions if more than one covariate is
available.
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MCQM-II: we consider two bivariate joint distributions C U;U�ið Þ and C V; V�ið Þ that
describe spatial dependences between air temperatures at location i and its nearest
neighbour � i, and two conditional distributions CðUjU�i ¼ u�iÞ and CðVjV�i ¼ v�iÞ are
based upon the joint distributions, where u�i ¼ FX x�ið Þ and v�i ¼ FY y�ið Þ. The marginal
probability ûi is then obtained as:

ûi ¼ C�1ðCðvi V�i ¼ v�iÞj jU�i ¼ u�iÞ: (5)

Distributions can be extended to higher dimensions using more than one neighbour
where the number of observations is sufficient to obtain a correlogram that describes
dependences in space (Oden 1984).

MCQM-III: the third method combines MCQM-I and MCQM-II. We consider two con-
ditional distributions CðUjU�i ¼ u�i; W ¼ wiÞ and CðVjV�i ¼ v�i;W ¼ wiÞ based upon
trivariate joint distributions C U;U�i; Wð Þ and C V; V�i; Wð Þ describing non-spatial and
spatial dependences. The marginal probability ûi is then obtained as:

ûi ¼ C�1ðCðvi V�i ¼ v�i;W ¼ wiÞj jU�i ¼ u�i; W ¼ wiÞ: (6)

As for MCQM-II, distributions can be extended to higher dimensions. For MCQMs, it is
assumed that the conditional probability of X conditioned on its covariate FXðXj:Þ is
equal to the conditional probability of Y conditioned on that covariate FYðYj:Þ.

2.2. Copula estimation in MCQMs

A bivariate copula describes the dependences between two variables. We used five
copula families among several families available in the literature because other families
lead to computational limitations (Gräler 2014): the Gaussian, Student’s t, Clayton,
Gumbel and Frank families (Nelsen 2003, Demarta and McNeil 2005). These families
describe different tail dependences and have one parameter that specifies the correla-
tion between variables (Table 1) (Joe 1993, Manner 2007). We apply maximum likelihood
to estimate the parameter for each family using starting values obtained by Kendall’s τ,
being a measure for association between variables (Nelsen 2006). The best-fitting family

Table 1. Five families of copulas to describe dependences in MCQMs.
Index Name Cθ(u,v) Property index

1 Gaussian ;R ;�1 uð Þ; ;�1 vð Þð Þ; R ¼ 1 θ
θ 1

� �
1, 2, 6

2 Student’s t
tR;# t�1

# uð Þ; t�1
# vð Þ� �

; R ¼ 1 θ
θ 1

� �
; # ¼ degree of freedom

1, 2, 6

3 Clayton max uθ þ vθ � 1
� �

; 0
� �� 	�1

θ 1, 2,4,5,6

4 Gumbel
exp � �lnuð Þθ þ �lnvð Þθ

h i1
θ


 �
1,2,3,6

5 Frank �1
θ ln 1þ e�θu�1ð Þ e�θv�1ð Þ

e�θ�1


 �
1,2,6

1 Property Permutation symmetry
2 Symmetry about medians
3 Extreme value copula
4 Lower tail dependence
5 Upper tail dependence
6 Extendibility to multivariate copula
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is selected according to Akaike’s Information Criteria (AIC) (Akaike 1974). The selection of
families depends upon both the number of observations and the probabilistic nature of
the dependence between variables.

In MCQM-III, a multivariate copula describes dependences between three or more
variables. Following Aas et al. (2009), we estimate the conditional distribution
CðUjU�i ¼ u�i; W ¼ wiÞ. To do so, the copula density c U;U�i; Wð Þ is first decomposed
into bivariate copulas based upon a canonical vine or C-vine structure: c U;Wð Þ; c U;U�ið Þ
and cðCðW UÞ; CðU�ij jUÞÞ. Then, each bivariate copula is estimated in a similar way to the
two-dimensional case. The copula density is the product of all bivariate copula densities
in the structure. The conditional distribution CðVj:Þ is estimated in a similar way.

We use the Cramér–von Mises statistic S Bð Þ
n to obtain goodness-of-fit for Gaussian,

Clayton, Gumbel and Frank families (Genest et al. 2009). The S Bð Þ
n has practical limitations

for the Student’s t family. Hence, we use the White statistic for the Student’s t copula
(Huang and Prokhorov 2014). The p values are obtained for the tests using 100
bootstraps.

2.3. Quantile mapping

A comprehensive study carried out by Teutschbein and Seibert (2012) showed that
quantile mapping (QM) performs best among the classical bias correction methods. QM
is implemented as:

x̂i ¼ F�1
X við Þ: (7)

QM assumes that there is a perfect dependence between variables, i.e. ûi ¼ vi. It is
sensitive to the number of quantile divisions when using an empirical marginal distribu-
tion. There are several names in the literature for this method, such as probability
mapping, CDF matching and quantile-quantile mapping.

2.4. Comparison and evaluation of the bias correction methods

We compare MCQMs with quantile mapping using leave-K-out cross-validation (Lafon et
al. 2013). To this end, the observations in K successive years on day j at station i are
removed from the dataset and the bias-corrected values are predicted using the
remainder of the observations. The mean absolute error MAEi;j equals:

MAEi;j ¼ 1
K

XK

k¼1
xi;j;k � x̂i;j;k
�� ��: (8)

We determine total mean absolute error MAE and spatial and temporal error scores, i.e.
SES and TES, for t days and n stations as:

MAE ¼ 1
t

Xt

j¼1
ð1
n

Xn

i¼1
MAEi;jÞ (9)

SES ¼
Xn

i¼1
rank

1
t

Xt

j¼1
MAEi;j


 �
 �
; (10)
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TES ¼
Xt

j¼1
rank

1
n

Xn

i¼1
MAEi;j


 �
 �
: (11)

The lowest score indicates the best method (Durai and Bhradwaj 2014). In addition, we
define correlations ri and rj, which indicate temporal and spatial dependences between
measurements and bias-corrected values, respectively, as:

ri ¼ corr x̂i;1; x̂i;j; . . . ; x̂i;t
� �

; xi;1; xi;j; . . . ; xi;t
� �� �

; (12)

rj ¼ corr x̂1;j; x̂i;j . . . ; x̂n;j
� �

; x1;j; xi;j; . . . ; xn;j
� �� �

: (13)

Spatial and temporal correlation scores, i.e. SCS and TCS, are then obtained as:

SCS ¼
Xn

i¼1
rank rið Þð Þ; (14)

TCS ¼
Xt

j¼1
rank rj

� �� �
: (15)

The highest score indicates the best method.
All implementations were done with the statistical packages R using the libraries

gstat (Pebesma 2004), copula (Kojadinovic and Yan 2010), VineCopula (Brechmann and
Schepsmeier 2013) and the basic packages.

3. Case study

Ourmethods are applied to theQazvin irrigationnetwork located in theQazvin Plain, Iran (Figure
1). Iran is a water-scarce country with limited rainfall inmany places and irrigation is widely used
to support the agricultural activities in the country. Qazvin Plain is one of the oldest and most
advanced plains in Iran. The climate is arid with an average annual precipitation of about
327 mm, average temperature 14°C and mean annual reference evapotranspiration varying
from 1300 to 1400 mm. The network has been part of a pilot study for a project aiming at
irrigation management (Sharifi 2013). In the area, there are agricultural fields, dominated by
wheat, barley, maize, orchards, urban areas and natural vegetation. The study area extends
between 35.44º and 36.68º latitude (N) and 49.09º and 50.92º longitude (E) to include as many
weather stations as possible, i.e. 24 stations (Figure 1, and Supplementarymaterial, Table 1). The
European Centre for Medium-Range Weather Forecasts (ECMWF) provides reanalysis weather
data using the ERA-Interim data assimilation system (Berrisford et al. 2009, Dee et al. 2011,
Persson 2013). ECMWF products are available at a wide range of spatial resolutions, e.g. regular
and rotated lat/lon grids and reducedGaussian grid. For the dissemination, air temperature is bi-
linearly interpolated to a 0.125º lat/lon at three hourly intervals and 10 × 15 grid cells cover the
study area (Figure 1). There are some advantages and disadvantages in every interpolation
method (Persson 2013). Only if the interpolation point is in the centre of a grid cell does an
interpolated value represent the mean value over the grid-box area. The disseminated data at
resolutions coarser than 0.125º are interpolated values in 0.5º, 1.0º or 1.5º. This may have an
undesired effect (Persson 2013). Further applications of the new copula-basedmethods in other
case studies including air temperature at different resolutions should provide more insight on
bias in the future. Daily mean air temperature is determined by averaging the minimum and
maximum temperatures at each station in June from 2004 to 2014 (Figure 2) considering the
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importance of this month in the crop calendar of the irrigation network: it is the end of winter
crops and the beginning of summer crops, especially maize.

The measurements at the stations are assigned to the reanalysis values at the nearest
grid cells (Figure 3). For instance, the measurements at stations number 4 and 11 are

Figure 1. Study Area located in Qazvin Plain, Iran. (a) The area covers an irrigation network, 24 weather
stations and a sample subset of 10 × 15 grid cells of the ECMWF dataset at 0.125º lat/lon distances. The
background image is obtained by Landsat 8 RGB bands. (b) Elevations (m) are covariates for air
temperature in MCQM-I. It was retrieved from MODIS products at a 1 km spatial resolution.
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assigned to the reanalysis value at a grid cell. There are 150 grid cells × 11 years = 1650
reanalysis air temperatures and 24 stations × 11 years = 264 measurements on each day
of June. Missing values in the measurements from weather stations may occur; their
number differs between stations and days.

A comparison of the time series of the measurements and reanalysis values revealed
systematic overestimation and underestimation (Figure 5 and Supplementary material,
Figure 2). We noted that the time series at stations 13 and 21 have a lower correlation
with the time series of reanalysis air temperature than the other stations (Figure 3(b)).
The time series at those stations revealed that the quality of their measurements, in
particular their accuracy, is low (Supplementary material, Figure 2). In addition, spatial
correlations between the measurements and reanalysis air temperature are weak for
most of the days in June 2014 (Figure 3(a)).

The NASA Land Processes Distributed Active Archive Center (LPDAAC) provides the
Moderate Resolution Imaging Spectroradiometer (MODIS) products. The MOD03 product
provides per-pixel digital elevation model values in a sequence of swath-based products
at 5-minute increments. This resulted in 22,410 elevations at a 1 km spatial resolution
(Figure 1).

This study focuses on obtaining the bias-corrected daily air temperature at unvisited
locations on each day in June 2014. We applied the methods on each day of June 2014,
separately. In other words, the methods are tested 30 times. The presented methods are
generic and could be applied to a different time domain. In this area, the temperature is
quite different in summer and winter. The performance of the methods for another

Figure 2. The data frame. The measurements from 24 weather stations and the reanalysis data from
150 ECMWF grid cells are available in June during 11 years from 2004 to 2014.
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month in winter needs to be further investigated. This, however, is outside the scope of
the study.

The total mean absolute bias was equal to 3.6°C for all stations and all days. We did
not consider predicting the bias-corrected air temperature at an unvisited location using
the mean absolute bias since there is both spatial and temporal variation. We used the
same elevations for 11 years assuming that elevation remains the same (Figure 1).
Dependences are studied in a relatively small area and are thus unlikely to change
spatially in a non-stationary way. The elevations are homogeneous, except for the north-
eastern side of the study area (Figure 1).

4. Results and discussion

4.1. Marginal distributions and copulas

Marginal distributions and copulas are estimated for each day in June 2014, sepa-
rately. The empirical marginal distribution on the first day is shown in Figure 4. The
method to estimate empirical marginal distribution is not unique and a more gen-
erally applicable sensitivity analysis might help to show the effects of other methods
on the results. For instance, we also used kernel density estimation and noticed that

Figure 3. Correlations ri and rj that indicate temporal and spatial dependences between measure-
ments and ECMWF ERA-interim reanalysis air temperature: (a) ri at each weather station, (b) rj on
each day in June 2014.
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the final results of the bias correction methods changed only slightly (results not
shown). To assess spatial stationarity, a trend surface was fitted to the measurements
(Appendix). The β1 parameter has p values in the range [0.02, 0.80] with mean value
equal to 0.19, whereas the β2 parameter has p values in the range [0.02, 0.99] with a
mean value of 0.45. We were thus safe to assume spatial stationarity when estimating
the marginal distributions.

The parameters of five copula families and the number of data for fitting purposes are
listed in Table 2. We considered the elevation as the covariate in MCQM-I. We found that
the best-fitting family was the Frank family for the joint distribution of the measure-
ments and the elevation for all days and for the joint distribution of the reanalysis air
temperature and the elevation for 18 days (Table 2). The p values of the Cramér–von
Mises statistic S Bð Þ

n were larger than 0.05 for all days, showing that the best-fitting family
describes the dependences well (Table 2).

We considered spatial dependences in MCQM-II. The Student’s t family dominates the
dependences of the measurements for 14 days and the dependences of the reanalysis air
temperature for 15 days (Table 2). The p values of The Cramér–von Mises statistic S Bð Þ

n and
the White statistic were larger than 0.1 except for the Gumbel family at five days, showing
that the best-fitting family describes the spatial dependences well (Table 2). The p values
were close to zero and the best-fitting family was the Gumbel family at days 1, 10, 17, 21 and
22. The low p values are related either to the limitation of the test or to the inflexibility of
those five families. The p values were close to one for the Student’s t.

For MCQM-III, the parameters of three bivariate copulas were estimated (Supplementary
material, Table 2). Best-fitting families turned out to be non-Gaussian families for most of the
days. The p values of the Cramér–vonMises statistic S Bð Þ

n were larger than 0.2 for most of the
days, showing that the best-fitting family describes the dependences well.

4.2. Bias-corrected values

In the following, we present the bias-corrected values at the first station for all days in
June 2014 (Figure 5) and on 1 June 2014 for all grid cells in the study area (Figure 6).

Figure 4. Empirical marginal probabilities on June 1st. A monotone cubic spline is fitted to obtain
the marginal distribution function. Marginal distribution functions are estimated at each day of June,
separately.
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Detailed comparisons for all days and all grid cells are given in the supplementary
material (Figures 2 and 3).

Time series of the bias-corrected values obtained by MCQM-I at the first station
(Figure 5(a)) showed that MCQM-I successfully corrects for bias on most of the days,
as well as the days with high extremes in comparison with time series obtained by QM
(Figure 5(d)). Mean absolute bias was equal to 4.52ºC at this station. Mean absolute error
and mean absolute prediction error were equal to 1.46ºC and 1.40ºC for MCQM-I,
whereas for QM they were equal to 2.84ºC and 2.82ºC, respectively. MCQM-I resulted
in a heterogeneous map on 1 June 2014 (Figure 5(c)) in comparison with the map
obtained by QM (Figure 5(f)). The spatial variation obtained by QM was similar to the
spatial variation of the reanalysis air temperature, as shown in Figure 5(b), due to the
assumption of a perfect dependence between variables in QM. The visual comparison of
the spatial variation of the elevation (Figure 6) with the spatial variation of the map
obtained by MCQM-I (Figure 6(c)) revealed that this method was able to describe the co-
variability between the air temperature and the elevation. Mean absolute bias was equal
to 2.83ºC on this day. Mean absolute error and mean absolute prediction error were

Table 2. The p value and best-fitting families in MCQM-I and MCQM-II. The copula families are:
N = Gaussian, T = Student’s t, C = Clayton, G = Gumbel and F = Frank. Number of data denotes the
number of marginal probabilities of each variable used for fitting purposes and equals the number
of weather station measurements on each day in June during the years 2004 to 2014.

MCQM-I MCQM-II

C U;Wð Þ C V;Wð Þ C U;U�ið Þ C V; V�ið Þ
Day Number of data p-value Best p-value Best p-value Best p-value Best

1 226 0.36 F 0.45 F 0.99 T 0.00 G
2 224 0.29 F 0.42 F 0.99 T 1.00 T
3 226 0.26 F 0.32 F 1.00 T 0.99 T
4 226 0.18 F 0.25 F 1.00 T 0.29 G
5 226 0.31 F 0.44 F 1.00 T 0.98 T
6 226 0.21 F 0.28 F 0.59 F 0.92 F
7 226 0.15 F 0.33 F 0.51 F 0.98 T
8 225 0.39 F 0.41 F 1.00 T 0.93 F
9 226 0.28 F 0.31 N 0.44 F 0.62 F
10 226 0.27 F 0.46 N 0.44 G 0.00 G
11 226 0.26 F 1.00 T 0.66 G 0.93 F
12 226 0.37 F 0.27 F 1.00 T 0.99 T
13 226 0.29 F 0.25 F 1.00 T 1.00 T
14 226 0.19 F 0.51 N 1.00 T 0.96 F
15 226 0.09 F 0.45 N 1.00 T 0.98 T
16 226 0.27 F 0.20 F 1.00 T 0.97 T
17 226 0.17 F 0.25 F 0.40 G 0.01 G
18 226 0.10 F 0.32 C 0.60 F 0.98 T
19 226 0.34 F 0.37 F 0.04 C 0.96 T
20 226 0.39 F 0.55 N 0.31 C 0.95 T
21 226 0.27 F 0.36 N 1.00 T 0.00 G
22 226 0.31 F 0.30 F 0.86 G 0.06 G
23 225 0.25 F 0.35 N 0.63 F 0.99 T
24 226 0.18 F 0.28 F 0.44 N 0.97 T
25 226 0.07 F 0.22 N 1.00 T 0.99 T
26 226 0.10 F 0.36 F 1.00 T 0.07 G
27 226 0.22 F 0.50 F 0.37 F 0.98 T
28 226 0.22 F 0.20 N 0.39 C 0.10 G
29 226 0.21 F 0.20 F 0.64 C 0.15 G
30 225 0.09 F 0.12 C 0.61 F 0.34 G
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equal to 2.07ºC and 1.55ºC for MCQM-I, whereas for QM they were equal to 2.62ºC and
1.93ºC, respectively.

Time series of the bias-corrected values obtained by MCQM-II at the first station
(Figure 6(b)) showed that MCQM-II successfully corrects for bias on most days except for
days with extreme temperature, in comparison with time series obtained by MCQM-I
and QM (Figure 6(a,d)). Mean absolute error and mean absolute prediction error were
equal to 2.62ºC and 2.67ºC for MCQM-II at this station, whereas for QM they were equal
to 2.84ºC and 2.82ºC, respectively. MCQM-II resulted in a more heterogeneous map on 1
June 2014 (Figure 6(d)) than the maps obtained by MCQM-I and QM (Figure 6(c,f)). Mean
absolute error and mean absolute prediction error were equal to 2.66ºC and 2.15ºC for
MCQM-II on this day, whereas for QM they were equal to 2.62ºC and 1.93ºC, respectively.

Time series of the bias-corrected values obtained by MCQM-III (Figure 5(c)) at the first
station showed that MCQM-III performed better than MCQM-I (Figure 5(a)) in correcting for
bias for most days except for the days with extremes. Mean absolute error andmean absolute
prediction error were equal to 1.77ºC and 1.68ºC for MCQM-III at this station, whereas for QM
they were equal to 2.84ºC and 2.82ºC, respectively. The Figure 6(e) showed that MCQM-III
resulted in a heterogeneousmap as comparedwith themaps obtainedbyothermethods on 1
June 2014. Mean absolute error andmean absolute prediction error were equal to 2.36ºC and
1.84ºC for MCQM-III on this day, whereas for QM they were equal to 2.62ºC and 1.93ºC,
respectively.

Figure 5. Time series of the daily mean air temperature obtained from: weather stations, ECMWF
ERA-interim reanalysis data and bias correction methods at the first station in June 2014: (a) MCQM-
I, (b) MCQM-II, (c) MCQM-III and (d) QM. The vertical axis is daily mean air temperature.
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4.3. Evaluation and comparison

Leave-K-out cross-validation was carried out where K has values in the range 1 to 11,
denoting the number of measurements from a weather station on one day for 11 years.
MCQM-III was superior to MCQM-I, MCQM-II and QM as shown by MAE (Table 3). The
average of absolute bias was equal to 3.6°C whereas MAE were slightly above 2°C. SES
showed that MCQM-I resulted in more precise predictions in time, i.e. 30 days in June

Figure 6. Daily mean air temperature obtained from: (a) weather stations, (b) ECMWF ERA-interim
reanalysis data, and the bias correction methods on 1 June 2014, (c) MCQM-I, (d) MCQM-II, (e)
MCQM-III and (f) QM. For experimentation in our study, a sample subset of 10 × 15 grid cells of the
ECMWF dataset was selected at 0.125º lat/lon distances.
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(Table 3, second column), whereas TES indicated that MCQM-III resulted in more precise
predictions in space (Table 3, third column). To extend the evaluation of the bias
correction methods beyond the cross-validation, we can perform a random-split sam-
pling validation in a well-monitored study area. This allows potentially more reliable
uncertainty assessments. It is, however, beyond the scope of this paper. We treated the
available measurements as benchmarks during the cross-validation. The horizontal
distances, height differences and differences in land cover between the location of a
station and the centre of a grid cell are associated with uncertainties.

MCQM-I resulted in stronger correlations in time as shown by SCS (Table 3, fourth
column) and correlations ri (Supplementary material, Figure 4(b)) whereas MCQM-III
resulted in stronger correlations in space as shown by TCS (Table 3, last column) and
correlations rj (Supplementary material, Figure 4(a)). A comparison based upon TCS showed
that the new methods perform better than QM in correcting reanalysis air temperature at
unvisited locations in a data-scarce area. It further revealed that MCQM-II including only
one nearest neighbour was unable to represent the spatial variation of daily air tempera-
ture. In order to do so, MCQM-II needs to be extended towards more nearest neighbours,
allowing the use of a correlogram (see Section 2.1). A correlogram, however, faces the
balancing issue between the number of spatial bins and the number of observations. The
effect of the number of nearest neighbours on MCQM-II needs to be further investigated in
a well-monitored area. Correlations rj and ri between the measurements and bias-corrected
values obtained by QM were close to the correlations between the measurements and the
reanalysis values (Supplementary material, Figure 4(a,b)). This was expected because of the
assumption of a perfect dependence between variables in QM (Section 2.3).

The previous comparisons showed the performance of the methods based upon an
individual criterion. To evaluate the performance based upon all criteria, we ranked the
methods in each column of Table 3, where the lowest rank value denotes the best
method (Table 4). Then, the overall score based upon the sum of the rank values showed
that MCQM-I, MCQM-II and MCQM-III reduced bias by 58%, 16% and 63%, respectively as
compared with QM (Table 4).

A practical advantage of MCQM-III is that it predicts the spatial variation of the bias-
corrected air temperature maps in a data-scarce area (Supplementary material, Figure 3).
The use of MCQM-III, however, is limited to the availability of the covariate at unvisited
locations. We applied MCQMs to correct for bias in reanalysis air temperature, high-
lighting the potential of the methods for other weather data. Further comparison to
other bias correction methods, e.g. triple collocation analysis (Stoffelen 1998), might
help to assess the performance of MCQMs.

Table 3. Total mean absolute error (MAE), spatial error scores (SES),
temporal error scores (TES), spatial correlation scores (SCS) and temporal
correlation scores (TCS), obtained by the quantile mapping (QM), and the
multivariate quantile mappings (MCQM-I, MCQM-II and MCQM-III). The
underlined values denote the best method.
Method MAE SES TES SCS TCS

MCQM-I 2.23 51 58 77 85
MCQM-II 2.40 63 88 46 65
MCQM-III 2.13 54 38 61 112
QM 2.68 72 116 56 38
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5. Conclusions

This study addressed bias correction in ECMWF reanalysis air temperature using its
covariates in a data-scarce area. We developed three multivariate copula quantile
mappings to do so. We concluded the following:

● The new methods are beneficial for the local refinement of reanalysis weather data
at grid cells without weather station measurements.

● The new methods are advantageous as they can treat co-variability, i.e. both
weather data and covariates, and hence increase the precision of the mapping.

We see two ways to further extend the current study. First, we selected the number
and type of covariates based upon our experience. A more general sensitivity analysis
might help to show the effects of other covariates, e.g. land surface temperature and
land cover. Second, it might be of interest to study the ability of the new methods to
reproduce other statistical moments of the theoretical marginal distribution of air
temperature. This could help to further model extremes in air temperature.
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Appendix

To test for the assumption of second-order stationarity, we considered the null hypothesis H0 as:

E Xi½ � ¼ μ (1)

where Xi is a random variable at location i and E[] denotes the mathematical expectation. The
alternative hypothesis H1 is that there is a trend of degree one as:

E Xi½ � ¼ β0 þ β1:x
0
i þ β2:y

0
i ; (2)

where x0i and y0i are coordinates of location i and the βj denote regression parameters. The
parameters are estimated using a generalised linear model followed by their p values from a t test.
We applied this trend to the measurements from 24 weather stations on each day of June 2014.
The values of β1 and β2 were found to be not significantly different from zero, with their p values
above 0.05 on most of the days (Supplementary material, Figure 1). On the six days (out of
30 days) when the p value was below 0.05, it was still above 0.01. Based on this evidence, and the
limited effects of including non-stationarity, we felt confident in assuming stationarity.
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