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ABSTRACT
The authors have discovered two sizeable biases in the Weather Research and Forecasting (WRF) model:
a negative bias in geopotential and a warm bias in temperature, appearing both in the initial condition and the
forecast. The biases increase with height and thus manifest themselves at the upper part of the model domain.
Both biases stem from a common root, which is that vertical structures of specific volume and potential
temperature are convex functions. The geopotential bias is caused by the particular discrete hydrostatic
equation used in WRF and is proportional to the square of the thickness of model layers. For the vertical
levels used in this study, the bias far exceeds the gross 1-day forecast bias combining all other sources. The bias
is fixed by revising the discrete hydrostatic equation. WRF interpolates potential temperature from the grids
of an external dataset to the WRF grids in generating the initial condition. Associated with the Exner
function, this leads to the marked bias in temperature. By interpolating temperature to the WRF grids and
then computing potential temperature, the bias is removed. The bias corrections developed in this study are
expected to reduce the disparity between the forecast and observations, and eventually to improve the quality
of analysis and forecast in the subsequent data assimilation. The bias corrections might be especially beneficial
to assimilating height-based observations (e.g., radio occultation data).

1. Introduction
Most of the data assimilation methods being used
nowadays to produce the best possible initial condition
for numerical weather prediction (NWP) models make
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use of the assumption that short-term forecast of the
model is free of systematic errors, which are collectively
referred to as bias. However, as noted by Mass et al.
(2008), virtually all NWP models possess substantial
systematic errors. Bias in the model makes the data assimilation ineffective as it violates the basic assumption
of zero mean and random errors. The biased model also
leads to a biased analysis even with unbiased observations (Dee and Da Silva 1998). Since observations also
tend to hold their own biases (e.g., Tenenbaum 1996;
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Wang et al. 2002; Dee and Uppala 2009), correction of
the model’s bias through data assimilation is difficult
even with a fair amount of observations. Therefore,
lessening the model’s bias is of paramount importance
for robust data assimilation.
In practical data assimilation applications, observation
bias relates to model bias even though they are irrelevant
in nature. A good example in this regard is the variational
bias correction for satellite radiance data (Derber and Wu
1998; Dee 2005). In the method, the model’s own state is
used as an unbiased reference to uncover bias in observations. Bias in the satellite radiances, for instance, can be
introduced through many processes including instrument
characterization; sensor calibration; and collection, processing, and archiving of the data. If uncorrected, the
observation bias depreciates value of the observation
and has the potential to damage the quality of analysis
and forecast. Therefore, the estimated observation bias
is strongly affected by the model bias. Regarding this
fact, the bias correction against the model state is sometimes restricted to areas near radiosonde observations
(e.g., Harris and Kelly 2001) so as to reduce the contamination due to model bias. As addressed by Kobayashi et al.
(2009), it is the presence of large biases in the assimilating
model that causes spurious shifts and other artifacts in the
analysis, even if all assimilated observations are unbiased
and correctly represented by the assimilation system.
Systematic model errors are attributed to diverse
sources. Besides the bias in the initial condition, the numerical model is imperfect in the governing equations,
numerics, surface forcing, and parameterizations of unresolved physical processes. Despite the extensive efforts
to understand and reduce model bias in the literature,
dealing with the model bias is still an enduring challenge
for model development. This is probably due to the large
variety of possible sources of modeling errors and nonlinear interaction among them. On the other hand, there
could also be some tractable sources of model bias. If
such sources exist, eradicating them makes it a lot less
complicated to track down remaining sources. Therefore, understanding, identifying, and eliminating obvious sources of model bias are vital in dealing with the
imperfect model.
While making efforts to optimize a version of the
Weather Research and Forecasting (WRF) model that
is to be used for the Arctic System Reanalysis (ASR;
Bromwich et al. 2010), we have noticed inexplicable
model biases in the forecast compared with verifying
global analyses, which are persistent over the period
and horizontally unvarying. The biases in temperature
and geopotential height appear at the upper part of the
model domain and increase with the altitude. We tracked
down the biases and found that the initial conditions
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possess the same biases even against the very global
analysis that was used to generate the initial condition.
Since creating the initial condition from other models’
data is merely viewed as a set of interpolation procedures,
the initial bias was quite surprising and led us to speculate
the source of the disparity. Tracing further back to the
sources, we learned that the geopotential bias is due to a
particular discretization of the hydrostatic equation used
in the model. The hydrostatic equation is used in the
model to diagnose the specific volume (for nonhydrostatic
runs) or geopotential (for hydrostatic runs). Accuracy in
the diagnosed variables depends on how the integration
of the hydrostatic equation is carried out. In this study, we
will show how the discrete hydrostatic equation leads to
a substantial model bias. The model uses potential temperature as a prognostic variable. Accordingly, the potential temperature is interpolated from global analyses to
the grids of the limited-area model to provide the initial
condition, leading to a marked bias in the temperature.
Given that model errors at high altitude have long been a
problem for global models (e.g., Trenberth and Stepaniak
2002; Kobayashi et al. 2009) and for limited-area models
(e.g., Wee and Kuo 2004), the two biases in the model
may have been considered as such. As will be described
later, the above-mentioned sources are hardly viewed as
problematic since the procedure and assumption that
lead to the systematic errors are seemingly legitimate
and reasonable. Section 2 offers a brief description of
the numerical model and data used in this study. The
biases in geopotential height and in temperature will
be described along with suggested remedies in sections
3 and 4, respectively. The summary and conclusions
will be presented in section 5.

2. Numerical model and data
The numerical model used in this study is the Advanced Research WRF (ARW; Skamarock et al. 2008;
hereafter referred to as WRF model) version 3.2. The
WRF is a fully compressible and nonhydrostatic model
and is thus suitable for a broad spectrum of applications
across a broad range of scales. The prognostic variables
are column mass of dry air, three-dimensional components of wind, potential temperature, and geopotential.
Diagnostic variables (e.g., temperature, pressure, and
density) are derived from the prognostic variables. The
model also permits hydrostatic runs. In this case, the geopotential is diagnosed through the hydrostatic equation.
Although the WRF model allows forecasts to be made on
a global scale (more information can be found online at
http://www.ncar.ucar.edu/feature/articles/wrf_global.php),
in this study it is used as a limited-area model. Accordingly,
the WRF needs to obtain its initial and lateral boundary
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FIG. 1. Vertical distribution of h depth of model layers along (a) the level index and (b) the approximate pressure.
The h depth is the difference in h between two adjacent full h levels. Dashed lines are for the model with 28 vertical
layers (L28) and solid lines are the model with 55 layers (L55).

conditions from other models that cover an area wider
than the WRF domain, usually a global analysis or forecast. This involves interpolating another model’s data to
WRF grids, and the systematic model errors we found are
pertinent to but not limited to this procedure. Hereafter
the procedure is referred to as ‘‘initialization’’ for the sake
of convenience, and it differs from the initialization techniques that adjust the initial condition of a numerical
model in order to reduce initial imbalance.
The vertical coordinate used in WRF is a terrainfollowing hydrostatic-pressure coordinate h 5 (p 2 pt)/m,
where m 5 ps 2 pt is proportional to the mass of the air in
a vertical column of the model domain with p being the
hydrostatic pressure, and ps and pt refer to the pressures
at the model’s surface and top, respectively. In this study
10 hPa is used for the pressure at the top of model. The
result we are presenting in this study is sensitive to
vertical resolution; hence, we endeavor to take a typical
example. As the baseline, we pick up a set of h values
that has 28 full levels (hereafter L28). It is the one provided with the WRF source code as an example of h
specification for tutorial purposes. To demonstrate the
dependency of model bias on resolution, we also use 55
full levels (hereafter L55), where each layer of L28 is
halved in depth. The depth of each layer in h for both
L28 and L55 is shown in Fig. 1.
To provide the initial condition for the WRF, we used
the European Centre for Medium-Range Weather Forecasts (ECMWF) Re-Analysis Interim (ERA-Interim; Dee
et al. 2011) for a month: December 2006. The data has
a spectral T255 horizontal resolution, which corresponds
to approximately 79-km spacing on a reduced Gaussian
grid. The vertical resolution is 60 model layers on a hybrid

sigma-pressure vertical coordinate with the model top
located at 0.1 hPa. The ERA-Interim data also provided
lateral boundary conditions for the WRF, updated with
6-h intervals. The model domain used here is a coarseresolution replica of the ASR domain, centered at the
South Pole with 30-km horizontal grid spacing. We also
used mean soundings that were obtained from averaging
the ERA-Interim for 10 Decembers during the years
2000–09 and over the ASR domain (hereafter referred to
as climatology). The ERA-Interim data used in this study
is representative of external datasets (XDS) from which
the initial and lateral boundary conditions of WRF are to
be obtained. A description on the other details of the
model setting irrelevant to this study is omitted.

3. Negative bias in geopotential height
The hydrostatic equation used in WRF is
›F
5 2a*m*,
›h

(1)

where F 5 gz is the geopotential with g and z being
acceleration due to gravity and geopotential height, respectively; a is the specific volume (or inverse density).
Other variables are described in section 2. This equation
describes hydrostatic balance among the mass variables
and can be used to diagnose one mass variable from
others. It must be mentioned that in WRF, (1) is applied
only to the dry hydrostatic component of a and p, denoted by superscript *. Therefore, for hydrostatic runs,
moisture-related perturbations are in the hydrostatic
balance separately. Keeping that in mind, the superscript
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FIG. 2. Structure of the vertical grid of the WRF model in which
solid (dashed) lines represent full (half) h levels. Geopotential is
defined on full levels, while potential temperature and specific
volume are defined on half levels. Pressure is available on both full
and half levels.

is omitted hereafter for the sake of simplicity. The
hydrostatic equation can be rewritten in a form more
widely used:
Fk11 2 Fk 5 2

ðp

k11

a dp,

(2)

pk

where subscripts k and k 1 1 represent vertical indices of
model levels. In the vertical grid of WRF model that is
staggered as shown in Fig. 2, all mass variables are located
at half levels except for the geopotential. Upon the definition of vertical coordinate h, the dry hydrostatic pressure is available at both half and full levels, and pk11/2 5
(pk 1 pk11)/2. Seeing the way that the grid is staggered,
a natural choice of discretization for (2) would be
DF 5 2ak11/2 Dp ,

(3)

where Dj 5 jk11 2 jk for an arbitrary variable j. As
a matter of fact, (3) is the exact form used in WRF. In usual
atmospheric conditions, a tends to be in inverse proportion
to p (i.e., a } p21) and thus a as function of p is convex,
meaning that a(p) # lak 1 (1 2 l)ak11 for any l 2 [0, 1],
where p 5 lpk 1 (1 2 l)pk11. This again means that ak11/2
is smaller than the mean specific volume of the layer:
a5

1
pk 2 pk11

ðp

k

a dp.

where T is the temperature and Rd is the gas constant of
the dry air. The discrete form of (5) might be as follows:
DF 5 Rd Tk11/2 ln(pk /pk11 ) .

(6)

The atmospheric temperature in normal conditions
varies linearly with height, and the natural logarithm of
pressure is largely proportional to the height. An example of this is the standard temperature lapse rate of
the U.S. Committee on Extension to the Standard Atmosphere (COESA 1976). Therefore, Tk11/2 is close to
the layer-mean temperature taken in height or lnp:
T~ 5

1
ln(pk /pk11 )

ðp

k

T d(lnp) .

(7)

pk11

(4)

pk11

The use of (3) hence leads to an underestimated thickness. To improve accuracy of the computed thickness
and also to do away with the nonobservational variable
(i.e., the specific volume or density), an alternative form
of (2) has historically been used instead (e.g., Bjerknes
and Sandström 1910):
Fk11 2 Fk 5 2Rd

FIG. 3. Difference between geopotential heights (m) computed
using two discrete hydrostatic equations: on model levels of L28
(dashed) and L55 (solid). The vertical profile of z3 2 z6 is shown,
where z3 and z6 are the geopotential heights computed using (3)
and (6), respectively. The hydrostatic equations are integrated
upward starting from the lowest level to the model top. A mean
sounding of temperature (monthly mean and domain averaged) is
interpolated to the model levels and then used as the input for the
hydrostatic integrations.

ðp

k11

pk

T d(lnp) ,

(5)

This again implies that (6) is superior to (3) in estimating the thickness. In summary, although (2) and (5)
are equivalent with each other and have no problem
mathematically, discrete forms (3) and (6) differ in their
accuracy. To demonstrate the difference between (3) and
(6), a climatology of temperature (described in section 2)
is interpolated to a vertical grid of the WRF model. We
then integrate (3) and (6) upward starting from the lowest
level to calculate the height of full model levels from the
interpolated temperature on half model levels. Figure 3
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shows z3 2 z6, where z3 and z6 are the geopotential heights
computed using (3) and (6), respectively. The difference
between the geopotential heights explains that (3) leads to
a significant negative bias that increases with the height.
Comparing results for L28 (dashed) and L55 (solid), we
observe a strong dependency on the vertical resolution.
For the dry atmosphere, (6) can be rewritten via the
ideal gas law:
DF 5 ak11/2 pk11/2 ln(pk /pk11 )
!
1 2 0:5Dp/pk11/2
.
5 ak11/2 pk11/2 ln
1 1 0:5Dp/pk11/2

(8)

Expanding in the Taylor series, if jDpj/(2pk11/2) , 1,
one obtains
!
!3
Dp
1
Dp
1
DF 5 22ak11/2 pk11/2
2pk11/2
3 2pk11/2
#
!5
!7
1
Dp
1
Dp
1
1
1  .
(9Þ
5 2pk11/2
7 2pk11/2

FIG. 4. Permillage error (m km21) of DF3 against DF8, defined
as 1000(DF3 2 DF8)/DF3, as function of dp/p. Here, DF3 and DF8
are thicknesses of a model layer in geopotential computed with (3)
and (8), respectively. See text for details.

"

Factoring Dp/(2pk11/2) from the series, it reads:
!2
1
Dp
DF 5 2ak11=2 Dp 1 1
3 2pk11/2
!4
!6
#
1
Dp
1
Dp
1
1
1  .
5 2pk11/2
7 2pk11/2
"

(10)

Therefore, the fractional difference in geopotential is
"
!2
!4
DF3 2 DF8
1
Dp
1
Dp
1
52
DF3
3 2pk11/2
5 2pk11/2
!6
#
1
Dp
1
1  ,
(11Þ
7 2pk11/2
where F3 and F8 are the geopotentials computed using
(3) and (8), respectively. This means the negative bias of
F3 with respect to F8 increases at high altitudes and as
the model’s vertical resolution decreases. Figure 4 shows
the permillage (i.e., proportion per thousand) bias of F3,
as function of Dp/pk11/2 that is again in proportion to the
depth of layer in height. A similar analysis was done by
Duthie (1946) for radiosonde observations. Adcroft et al.
(2008) also discussed errors arising from the use of the
finite-difference form of the hydrostatic equation, and
how they can be relieved by instead using the finite-volume

form for an ocean model. Equation (11) explains why the
increased resolution reduces the height bias considerably.
Meanwhile, the h depth used in this study is shallow
near the surface and at the model top, and deeper in the
middle troposphere (Fig. 1). This differs from typical
practices in the past. For instance, in the era of the fifthgeneration Pennsylvania State University–National Center for Atmospheric Research (PSU–NCAR) Mesoscale
Model (MM5; Dudhia 1993), better vertical resolution is
usually only used for the lower part of the model so as to
better resolve the planetary boundary layer, but a relatively coarse resolution is used elsewhere (e.g., Wee and
Kuo 2004). As more attention is paid to the benefit of
adding more layers to the upper part of the model atmosphere (e.g., Kimball and Dougherty 2006), the general trend at present is to use denser layers for the high
altitudes. However, there is no theoretic explanation yet
that supports this trend. While earlier studies (e.g., Zhang
and Wang 2003; Kimball and Dougherty 2006) accentuate forecast sensitivity to the vertical resolution, (11)
entails that the poor resolution has adverse effects as it
causes a significant model bias. A test with an MM5-type
h specification showed an enormous bias in the geopotential height (not shown).
We now consider the problem in practical WRF initialization and forecast. In creating initial conditions for
WRF, (3) is used to diagnose geopotential height. Unless
any other information is added to enhance the initial
condition (e.g., data assimilation, or any physical or dynamical initialization techniques to improve balances
among the model state variables), the diagnosed geopotential height is supposed to be identical with the geopotential in XDS. However, when the two geopotential
heights are compared with each other by interpolating the
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FIG. 5. Comparison of bias in geopotential height (m) for the (a) initial conditions and (b) 1-day forecasts. The
model levels used here are from L28. The bias is against ERA-Interim analysis with (solid) and without (dashed) the
bias correction. Profiles are monthly mean and domain averaged.

WRF initial condition back to the grids of XDS or vice
versa, a systematic difference appears. Figure 5a shows
the bias of the WRF initial condition against the ERAInterim analysis for L28 averaged over the domain of the
WRF model and over the month-long period. The initial
conditions are generated with a 12-h interval, at every
0000 and 1200 UTC. Being solely determined by the dry
hydrostatic pressure on the model level as shown in (11),
the bias is horizontally uniform if the undulation of h
surface due to the model’s topography is neglected. This is
why the area- and time-averaged bias of z3 shown in Fig.
5a (dashed line) is about the same as that shown in Fig. 3,
for which a single climatic sounding is considered. For this
reason, the bias is by and large insensitive to the geographical location of the model domain. When (8) is used
instead of (3), the bias is almost completely removed
(solid line in Fig. 5a).
The bias correction made in the initial condition by
using (8) does not eradicate the bias in the forecast. The
WRF model allows the forecast to be made either in
hydrostatic or nonhydrostatic mode at run time. In both
cases, the model uses (3) to relate F and a while making
the forecast. For the hydrostatic run, (3) is used to diagnose F from a in the forecast, via other prognostic
variables. On the contrary, (3) is used to diagnose a from
predicted F for the nonhydrostatic run. As long as (3) is
used for the model in one way or another, the geopotential height with respect to the pressure is biased in
the same way. Even after the initial bias was removed,
the bias comes back quickly in the forecast and soon
reaches the same level as in the case where correction
was not made (dashed line in Fig. 5b). By using (8)

instead of (3), the 24-h forecasts show practically no bias
in the predicted geopotential height (solid line in Fig.
5b). The WRF model has a tendency to produce slight
negative bias at the lower part of the model domain and
slight positive bias at stratospheric altitudes. However,
their magnitudes are negligible compared with the initial bias due to the use of (3).
The biases assessed for L55 are shown in Fig. 6. As the
results without the bias correction are compared
(dashed lines in Figs. 5 and 6), the doubled vertical
resolution reduces the bias to one-fourth of L28 in both
the initial condition and forecast [note the difference in
scale of the model bias (x axis) between Figs. 5 and 6].
This confirms the resolution dependency of the bias
presented in (11). However, the increase in the resolution is ineffective in addressing the bias. On the contrary, the correction (i.e., use of the revised discrete
hydrostatic equation) eliminates the still-existing considerable bias in L55 almost completely. The small remaining bias in the forecast of L55 with the bias
correction reflects the total forecast bias with combined
contributions from all other dynamical and physical
sources as well as uncertainties in the verifying analysis.
When the remaining bias is compared with the bias
presented in the case where the correction is not made,
the latter exceeds the former. Therefore, if such an
overwhelming bias exists, it would be impossible to
identify, understand, and correct other subtle sources of
bias. In other words, rectifying one source of bias provides a solid foundation to study other sources as well.
In an idealized simulation of a hurricane, Kimball and
Dougherty (2006) showed for the MM5 model that the
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FIG. 6. As in Fig. 5, but for model levels of L55.

storm’s intensity is sensitive to the distribution of vertical
levels. They emphasized the importance of well-resolved
stratospheric outflow in the storm development and addressed strong need for well-established guidelines for
vertical resolution in the model. Their study suggests that
an adequate number of model levels has to be used for
the (otherwise assumed less important) stratospheric altitudes to achieve a realistic simulation of the hurricane.
Our study indicates that an increased vertical resolution
partly reduces the bias in the height of the WRF model as
well. The result shown in Fig. 5 also suggests that the use
of the revised discrete hydrostatic equation in (8) is very
effective in reducing the model bias even for a lower
vertical resolution.

where P is the Exner function; p0 is a reference pressure,
usually taken as 1000 hPa; and k 5 Rd/Cp ’ 0.286, with
Cp being the heat capacity of the dry air at constant
pressure. After that, the potential temperature on the
grids of XDS is interpolated to the WRF model’s grids.
From a technical point of view, the potential temperature
is nothing but a pressure-weighted temperature. If temperature is later recovered from the interpolated potential temperature, one observes a systematic error in the
temperature, which is caused by the Exner function.
To explain this, one may consider a linear interpolation
of potential temperature from the XDS’ grids to the
WRF model’s, with pressure as the independent variable,
as illustrated in Fig. 7. Suppose we have a level of the

4. Warm bias in temperature
Like other nonhydrostatic models, WRF uses potential
temperature, instead of temperature, as a prognostic
variable. The main advantage for this is that the density,
a nonobservational variable, does not explicitly appear in
the governing equations. Therefore, one might be tempted to interpolate the potential temperature directly from
the grids of XDS to the WRF model’s grids in the initialization procedure. Otherwise, one has to interpolate
both temperature and pressure individually (as the pressure used for the coordinate of WRF is dry hydrostatic)
and then must compute the potential temperature on
WRF grids from the interpolated variables. In the WRF
initialization, the potential temperature is precomputed
on the global model’s grids:
u 5 TP21 5 T

 k
p0
,
p

(12)

FIG. 7. Geometry associated with vertical interpolation of potential temperature. Solid lines represent levels of global analysis,
while the dashed line in the middle denotes the level of the WRF
model to which potential temperature is to be interpolated. Subscripts ‘‘u’’ and ‘‘l’’ denote upper and lower levels of the layer of the
global analysis, respectively. The relative distances in pressure
from the upper and lower levels to the WRF level are denoted as du
and dl, respectively. Likewise, wu and wl stand for weightings given
to the levels. Note that the weighting is inversely related to the
distance in the linear interpolation.
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WRF model (the middle dashed level) to which the XDS
has to be interpolated. The level resides in a layer of the
XDS whose lower and upper bounds are designated by
subscripts l and u, respectively. Therefore, the interpolated potential temperature is as follows:
u 5 wu uu 1 wl ul ,

(13)

where wl and wu stand for the weight given to each bound,
involved with the interpolation. Note that in the linear interpolation, the weight is in inverse proportion to the relative distance in pressure: wu 5 (pl 2 p)/dp, wl 5 (p 2 pu)/dp,
and dp 5 pl 2 pu. The temperature recovered from the
interpolated potential temperature Tu is then
 2k
 2k
 k
pu
p
p
5 wu Tu
1 wl Tl l
.
Tu 5 u
p0
p
p

(14)

As pu/p 5 1 2 wldp/p and pl/p 5 1 1 wudp/p, the
Taylor series expansion of (14) reads as
!

!
dp
Tu 2 Tl
Tu 5 wu Tu 1 wl Tl 1 kwu wl
p

 

k(k 1 1)
dp 2 Tu Tl
wu wl
1
1
2
p
wu wl
!


k(k 1 1)(k 1 2)
dp 3 Tu Tl
wu wl
1  .
1
2
6
p
w2u w2l
(15)
In the above equation, the sum of first two terms of
rhs, wuTu 1 wlTl, is the temperature that one would
obtain if the temperature was directly interpolated from
the XDS. Therefore, in the context of linear interpolation,
the remaining terms are errors due to interpolating potential temperature instead of interpolating temperature
directly. The temperature error can be approximated as
follows:


dp
Tu 2 Tl
p

 

k(k 1 1)
dp 2 Tu Tl
1
1
wu wl
.
2
p
wu wl

«T ﬃ kwu wl

(16)

In (16), higher-order terms are truncated, as they are
small compared with the first two lower-order terms.
Between the two terms retained, the first term changes
its sign depending on the vertical thermal gradient.
However, it will later be shown that the first term is
much smaller than the second, which is positive all the
time. The size of the second term is mainly determined
by the position of the WRF level in the layer (i.e., the
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relative distance of the WRF level from the lower and
upper bounds of the layer). As with wu 51 2 wl and p 5
pu 1 wldp, by taking derivative with respect to wl for an
isothermal layer, it can be shown that the second term
has its maximum value at
wl 5

1
.
2 1 dp/pu

(17)

This means that if dp/pu is negligibly small then the
maximum error appears at half pressure level of the
layer. Otherwise, the location approaches to the upper
bound from the half pressure level. Obviously, the error
due to the interpolation vanishes when the WRF level
coincides with one of the bounds since either wl 5 0 or
wu 5 0 in (16).
As the weights make it difficult to appreciate each
term in (16), we consider a simple case that the WRF
level is located at the exact middle of a layer (i.e., wl 5
wu 5 0.5). This can be accomplished by interpolating
potential temperature from full h levels of the WRF
model to half h levels and then by recovering temperature at the location from the interpolated u and p. To do
so, the climatological temperature, used earlier to
demonstrate the geopotential bias, is interpolated to full
h levels of the WRF model and then potential temperature is computed there. The dp/pu for 28L, shown in
Fig. 8a, increases with height as pressure becomes lower.
Figure 8b shows that the second term of rhs in (16)
evaluated for this case is much larger than the first term.
Also shown in Fig. 8b is Tu 2 T, where Tu is the recovered temperature from interpolated potential temperature and T is the temperature directly interpolated
to half h levels. The Tu 2 T is very close to «T. Figure 9
shows dependency of the temperature bias on the resolution of XDS. Here, the same climatological sounding
of temperature is interpolated to levels of L55 (solid)
and L28 (dashed) in order to mimic two different resolutions of the XDS. The result for L28 is the same as that
shown in Fig. 8, but duplicated for ease of comparison.
It is clear from the comparison that use of a higherresolution XDS reduces the bias as shown in (16).
Note that the temperature error shown here is close to
the largest possible value because the interpolation is
done to the half level of each layer. In actual WRF initializations, the error diminishes in size and its vertical
structure gets intricate. Figure 10 shows the temperature
biases in the initial conditions of L28 and L55 due to the
u interpolation, which are against the ERA-Interim
analysis used for initialization and averaged over the
model domain and over the month-long period. Different from what is shown in Figs. 8 and 9, the bias in the
initial conditions does not increase monotonically with
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FIG. 8. (a) Vertical profile of dp/pu on levels of L28. (b) Comparison of the first (solid) and second (dashed–dotted)
terms in rhs of (16). Heavy gray line represents the total temperature error that includes all error terms (except for the
first term) in rhs of (15), which is again equivalent with Tu 2 T (see text for details). The mean sounding of temperature (monthly mean and domain averaged) interpolated to the full levels of L28 is used to evaluate the terms.
The total error represents the maximum possible temperature bias for L28.

the height. Instead noticeable zigzags appear in both
resolutions, caused by alternating the distance of WRF
model levels to the levels of the global analysis. That is
to say, if a certain level of WRF is close to one of the
levels of the global analysis, the bias is small. On the
contrary, if the WRF model level approaches the middle
of a layer of the global analysis, the bias gets bigger.
Another feature worth mentioning is that the biases of
L28 and L55 are about the same in size regardless of the
WRF resolution. The reason for this is that dp/pu in (17)
refers to the parameter of the global analysis. This again
indicates that the bias is irrelevant to the resolution of
the WRF model and can be reduced by using higherresolution XDS. The zigzags in the bias suggest that
the interpolation of the potential temperature brings
artificial oscillations in the initialized temperature.
Differently from the bias in geopotential height, the
temperature bias is caused only in the initialization.
The bias in the initial condition remains the same in
the forecast (not shown). The bias is caused by interpolating potential temperature despite it being a conserved variable in adiabatic flow and thus preferred in
many model formulations than temperature. The bias is
remedied simply by interpolating temperature and
pressure individually, and then by computing potential
temperature from the interpolated variables. By doing
so, the warm bias in the initial condition is completely

removed and the potential temperature does not possess
any systematic errors.

5. Summary and conclusions
In the course of the work that motivated this study, we
noticed considerable systematic differences between a
WRF forecast and the verifying global analysis. However, we were not sure about the existence of the biases
presented in this study until they were also found in
the validation of initial conditions. Since generating a
WRF initial condition from another model’s data is
considered to be a set of interpolation procedures, the
apparent biases in the initial condition against the very
input data used for the initialization were surprising
enough to lead us to look into the disparity. Even after
their existence was acknowledged, it was not easy for us
to relate the perceived biases to the actual error sources
since the procedure and assumption behind the biases
[i.e., the discrete hydrostatic equation (3) and the direct
interpolation of potential temperature to WRF grids]
are seemingly proper and barely considered to be erroneous. Eventually, we have identified and corrected two
sizeable biases in the WRF model. They are a negative
bias in the geopotential and a warm bias in the temperature, appearing both in the initial condition and in
the forecast. The biases increase with height and thus
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FIG. 9. Dependency of the temperature bias on the resolution of global analysis. Here, the climatic sounding of
temperature is interpolated to levels of L55 (solid) and L28 (dashed) in order to mimic two different resolutions of
the global analysis. Results for L28 are as in Fig. 8, but duplicated here to highlight the resolution dependency. (a) As
in Fig. 8a, but for the result for L55 is included. (b) The maximum possible bias in temperature, Tu 2 T.

manifest themselves at the upper part of the model
domain.
The geopotential bias is caused by the discrete hydrostatic equation used in WRF, which disregards the
innate vertical structure of the specific volume (or inverse density) that is unequivocally convex when viewed
in the model (or pressure) coordinate. As the equation is
used not only for generation of the initial and lateral
boundary conditions but also for model integration as
a part of the governing equations, the bias quickly revives in the forecast even after it was removed from the
initial condition. Hydrostatic and nonhydrostatic runs
are very similar with each other in the bias. Magnitude
of the bias is analytically found to be proportional to the
square of the thickness (in height) of the model layers.
For the vertical levels used in this study, the negative
bias is found to be about 450 m for L28 and 120 m for
L55 at the model’s top. The bias is fixed by using an
alternative form of the discrete hydrostatic equation.
The validation against ERA-Interim analysis illustrates
that the correction almost completely removes the bias
in the initial condition and in the forecast regardless of
the vertical resolution used for the WRF model.
The WRF model uses the potential temperature as
a prognostic variable. Accordingly, the potential temperature is interpolated from the grids of XDS to the
WRF grids to provide the initial condition. This leads to
a marked bias in the temperature due to the pressure

weighting (i.e., the Exner function). Interestingly, through
an analytical derivation, it is found that the magnitude of
the temperature bias is dependent on the vertical resolution of the XDS rather than on that of the WRF model
itself. This means that use of a higher-resolution XDS for
the initialization reduces the bias. The size of the bias for
each half level of WRF is also dependent on the relative
distance between the WRF level to the two nearest levels
of the XDS. The bias grows as the WRF level approaches
the middle of the layer between the two levels, while it
vanishes when the WRF level coincides with one of the
levels. The distance dependency introduces artificial oscillations in the model temperature. By interpolating
temperature in the initialization and then computing potential temperature on the WRF grids, the temperature
bias is removed.
As to explaining and correcting the model bias, our
approach is analytical. While the validation conducted
in this study by means of comparing corrected and uncorrected model states with verifying global analyses
offers a demonstration, our findings in this study are not
restricted by the uncertainties associated with errors in
the verification data that are more or less unavoidable.
Previous studies do not provide a consensus as to whether
a bias correction can improve forecast skill in measures
other than the bias. Some showed positive impact of bias
correction on random components of forecast error (e.g.,
Johansson and Saha 1989; Yang and Anderson 2000;
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FIG. 10. Profiles of the temperature bias (K) against the ERAInterim analysis in initial conditions of L28 (dashed) and L55 (solid).
Monthly mean and domain-averaged statistics are shown for which
potential temperature is interpolated from the global analysis to the
WRF grids in the initialization. Use of the temperature in the initialization does not produce any bias in the temperature (other than
interpolation error) and thus is not shown here.

Danforth et al. 2007), but others did not (e.g., DelSole
and Hou 1999; Saha 1992; DelSole et al. 2008). In our
test, the bias correction developed in this study showed
no more than a minor improvement in reducing random
errors; however, we have no doubt that the bias corrections will moderate the disparity between the forecast and
observations and will eventually lead to improved analysis
and forecast in the cycle of subsequent data assimilation.
The bias corrections might be especially beneficial to assimilating height-based observations (e.g., radio occultation data) as well as temperature measurements and
satellite radiances pertinent to temperature.
Taken together, we find that the two biases stem from
a common root, which is the convexity in the vertical
structure of the relevant atmospheric parameters. The
vertical structures of specific volume (pressure and
density as well) in the atmosphere are strictly convex,
and thus when integrating it numerically along the vertical coordinate (i.e., the discrete hydrostatic equation)
it becomes susceptible to bias. While temperature is not
convex in its structure, the associated Exner function
makes potential temperature convex. Consequently,
vertical interpolation of the potential temperature leads
to a bias in the temperature. Larson et al. (2001) also
showed that the convexity in the Kessler autoconversion
formula leads to biases in certain microphysical and
thermodynamic quantities. Therefore, we speculate that

the convexity-related bias is omnipresent in various
components of the model to which not enough attention
has been paid.
WRF is open to the public freely as a community model
and has numerous worldwide users in addition to the researchers who participated in the development and validation. Although the model has been used and reviewed
by so many users, the biases have remained unknown since
the first official release of WRF in 2004 until unveiled in
this study. Therefore, we hazard a conjecture that this type
of bias could be ubiquitous in NWP systems, and more
likely for the models with less public involvement. Under
the conditions given in this study, the geopotential bias
presented here far exceeds the gross 1-day forecast bias
combining all other dynamical and physical sources.
Hence, it would not be peculiar to suppose that, even in
other numerical models, this class of modeling errors
could dominate other sources remaining unresolved,
uncharacterized, or simply unknown, at least where shortterm weather prediction and analysis are concerned. Instead of considering the findings in this study as mere
technical issues specific to the WRF model, we would like
to address the need of fostering intense scrutiny into hidden sources of model error in the broader modeling
community.
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