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Deterministic forecasts (as opposed to ensemble or probabilistic forecasts) issued by
numerical weather prediction (NWP) models require post-processing. Such corrective
procedure can be viewed as a form of calibration. It is well known that, based on
different objective functions, e.g., minimizing the mean square error or the mean
absolute error, the calibrated forecasts have different impacts on verification. In this
regard, this paper investigates how a calibration directive can affect various aspects
of forecast quality outlined in the Murphy–Winkler distribution-oriented verification
framework. It is argued that the correlation coefficient is the best measure for the
potential performance of NWP forecast verification when linear calibration is involved,
because (1) it is not affected by the directive of linear calibration, (2) it can be used
to compute the skill score of the linearly calibrated forecasts, and (3) it can avoid the
potential deficiency of using squared error to rank forecasts. Since no single error metric
can fully represent all aspects of forecast quality, forecasters need to understand the
trade-offs between different calibration strategies. To echo the increasing need to bridge
atmospheric sciences, renewable energy engineering, and power system engineering,
as to move toward the grand goal of carbon neutrality, this paper first provides
a brief introduction to solar forecasting, and then revolves its discussion around a
solar forecasting case study, such that the readers of this journal can gain further
understanding on the subject and thus potentially contribute to it.

© 2022 The Author(s). Published by Elsevier B.V. on behalf of International Institute of
Forecasters. This is an open access article under the CC BY license

(http://creativecommons.org/licenses/by/4.0/).
1. A brief introduction to solar forecasting

Over the past few years, many countries have pledged
heir aggressive plans of action for moving toward carbon
eutrality by mid of this century. Since this goal can
nly be achieved with rapid and radical changes to the
ays in which energy is generated and consumed, the
eed to increase the penetration of renewable energy
as been emphasized in all those plans. Insofar as grid
ntegration of renewable energy is concerned, forecasting
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always plays a key part. Indeed, modern power grid op-
eration and control require not only future information
on electric load and price but also forecasts of renewable
energy generation, over various horizons. On this point,
the reader is referred to the works by Makarov, Etingov,
Ma, Huang, and Subbarao (2011) and Yang, Li, Yagli, and
Srinivasan (2021) for overviews on the correspondence
between various power system operations (such as unit
commitment, economic dispatch, or regulation) and fore-
cast horizons, as advised and followed by the California
Independent System Operator and State Grid Corporation
of China, respectively.

Owing to the rapid increase in penetration of solar
photovoltaic (PV) in the recent decade, there has been an
rnational Institute of Forecasters. This is an open access article under
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xponential growth of research in solar forecasting, which
s the youngest subdomain of energy forecasting (Hong
t al., 2016). The recent survey by Hong et al. (2020)
as further confirmed the above finding after conduct-
ng a bibliometric analysis on energy forecasting papers
ublished over the past ten years. Although the number
f papers does not necessarily indicate progress or level
f maturity, the size of solar forecasting literature has
vertaken that of price forecasting and is catching up with
hat of wind forecasting.

Forecasting solar irradiance, as a means to arrive at so-
ar power forecasts, differs from forecasting in a social set-
ing (Makridakis, Hyndman, & Petropoulos, 2020). Given
he fact that solar irradiance is a physical (atmospheric)
rocess that is predominantly affected by moving clouds,
any advanced solar forecasting techniques leverage in-
truments that can provide 2D or 3D views of the sky,
uch as total sky imagers or radiometers onboard geo-
tationary satellites and polar orbiters (e.g., Kazantzidis
t al., 2017; Miller, Rogers, Haynes, Sengupta, & Hei-
inger, 2018). Besides camera- and satellite-based fore-
asting, another major class of solar forecasting methods
elies on numerical weather prediction (NWP) models
e.g., Perez et al., 2013). It is worth noting that statistical
nd machine-learning methods have also been widely
pplied to solar forecasting problems, though not in a
tand-alone way, but as post-processing tools to comple-
ent those physics-based methods (Yang & van der Meer,
021).
The body of literature on solar forecasting has grown

ery large, and it is not possible, at this date, to fully elab-
rate on all aspects of it in just a few pages. In this regard,
nyone who wishes to have an in-depth understanding of
olar forecasting is referred to a recent uber review, which
s a compendium of review papers on solar forecasting
Yang, Wang, & Xia, 2022), as a starting point. Addition-
lly, the recent review by (Yang, Wang, Gueymard, et al.,
022) discussed, in great detail, how solar forecasting
epends on atmospheric science and impacts grid inte-
ration. In what follows, we should confine ourselves to
niche problem of solar forecasting, that is, calibration of
WP-based irradiance forecasts and its impact on forecast
erification.

. Post-processing and calibrating irradiance forecasts

As mentioned earlier, the use of dynamical weather
odels, which can capture the trajectories of weather
vents in mesoscale more effectively than statistical and
achine-learning models, has hitherto been attractive to
olar forecasters. Ever since the seminal review by Inman,
edro, and Coimbra (2013), numerical weather prediction
NWP) has been widely accepted as the most suitable ap-
roach to solar forecasting for any forecast horizon longer
han four hours (Miller et al., 2018; Nielsen, Iosifidis, &
arstoft, 2021; Yang, Kleissl, Gueymard, Pedro, & Coimbra,
018).
Historically, solar irradiance was not regarded as a

ajor output variable of NWP—as compared to temper-
ture or wind, the social-economic impact of solar ir-
adiance is much lower. Although the science of NWP,
982
particularly the part pertaining to radiation and cloud
microphysics, has certainly improved over the years, the
production, maintenance, and disappearance of the cu-
mulus and cirrus clouds are still the most challenging
weather processes to forecast, of which the imperfect
parameterizations translate to the inaccuracy of irradi-
ance forecasts (Bauer, Thorpe, & Brunet, 2015). On this
point, owing to the aforementioned emerging needs for
large-scale grid integration of solar power, such as PV
or concentrating solar power (CSP), NWP models with
parameterizations and assimilation techniques that are
specifically chosen to favor solar irradiance forecasting
have been developed (Jimenez et al., 2016; Sahu, Yang, &
Kleissl, 2018).

Furthermore, from a forecast practitioner’s perspective
(e.g., the perspective of a PV plant owner, who needs
to submit forecasts to a utility operator), running spe-
cialized NWP models is rarely a feasible option, because
setting up such models requires not only a substantial
amount of meteorological knowledge but also expansive
hardware. Hence, applying statistical or machine learn-
ing post-processing techniques to operational NWP fore-
casts disseminated by national weather centers and space
agencies is a far more common way of generating solar
power forecasts. The raw irradiance forecasts from NWP
models can be converted to solar power forecasts through
the so-called model chain (Mayer & Gróf, 2021). Analo-
gously, a model chain is simply the ‘‘wind power curve’’
for solar irradiance.

Constructing a model chain can take many steps, but
not all are essential. The granularity of modeling de-
pends on both the solar forecaster’s skill and the available
data (Mayer, 2021). The major steps include a separa-
tion model, which splits the global horizontal irradiance
(GHI) to the beam normal irradiance (BNI) and the dif-
fuse horizontal irradiance (DHI); a transposition model,
which converts GHI, BNI, and DHI to in-plane irradiance,
also known as the global tilted irradiance (GTI); and an
irradiance-to-PV model, which is available from both free
and commercial software packages, such as pvlib, SAM, or
PVsyst. Since the construction of all model chains starts
from weather input, e.g., GHI forecasts from NWP mod-
els, NWP forecast post-processing is vital to uncertainty
propagation toward the end of the model chain. Stated
differently, because the uncertainty in the GHI forecasts is
very likely to be the largest among the uncertainty com-
ponents at different stages of the model chain, the final
uncertainty on the PV power forecast can be significantly
lowered with an improved set of GHI forecasts.

Forecast quality, which is one of the three types of the
goodness of a forecast (Murphy, 1993), is a general con-
cept that goes far beyond the common error metrics used
in solar forecast verification, such as the mean bias error
(MBE) or root mean square error (RMSE). On this point,
Murphy and Winkler (1987) introduced several useful as-
pects of forecast quality, such as calibration, resolution, or
discrimination, through two factorizations. More specially,
they are: (1) the calibration–refinement factorization:

MSE (f , x) = V (x) + Ef [f − E (x|f )]2 − Ef [E (x|f ) − E (x)]2 ,

(1)
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nd (2) the likelihood–base rate factorization:

SE (f , x) = V (f ) + Ex [x − E (f |x)]2 − Ex [E (f |x) − E (f )]2 ,

(2)

here f and x denote forecast and observation, respec-
ively; E and V are the expectation and variance opera-
ors, respectively; MSE stands for mean squared error. In
hat follows, Eqs. (1) and (2) are jointly referred to as the
urphy–Winkler factorization and will be discussed more

n Section 3.
Although the Murphy–Winkler factorization, or more

enerally, the Murphy–Winkler distribution-oriented ver-
fication framework, has been around for decades, it was
ot known by the solar forecasting community until a re-
ent publication by Yang and Perez (2019). Due to its clear
dvantages over the traditional measure-oriented veri-
ication, the distribution-oriented verification has been
uickly recommended as the standard practice in de-
erministic solar forecast verification by a group of 33
orecasting experts (Yang et al., 2020); the reader is re-
erred to that review for a detailed comparison between
he Murphy–Winkler verification framework and the tra-
itional measure-oriented approaches. Extending from its
pplication in forecasting, the Murphy–Winkler factor-
zation has also been applied to the validation of grid-
ed radiation and aerosol products from geostationary
atellites and reanalyses (Yang & Bright, 2020; Yang &
ueymard, 2021). Since the Murphy–Winkler verification
ramework assesses forecast quality by examining the
oint distribution of forecast and observation, which con-
ains all time-independent information relevant to veri-
ication, it is more general and thus more flexible than
he measure-oriented verification. Hence, in this paper,
he discussion on forecast verification revolves around
he Murphy–Winkler factorization. More specifically, the
ffects of using an improved set of deterministic NWP
orecasts (as opposed to ensemble NWP forecasts) on vari-
us aspects of quality are studied in terms of those aspects
f forecast quality as described by the Murphy–Winkler
actorization.

Next, we discuss forecast post-processing. The most
ommonly used class of methods for improving determin-
stic NWP forecasts is the model output statistics (MOS),
hich seeks error patterns from historical forecast–
bservation pairs, and thus leverages such information to
erform corrections on the current forecasts. The popular-
ty of MOS in solar forecasting can be largely attributed
o Lorenz, Hurka, Heinemann, and Beyer (2009). In that
ork, the bias, i.e., the difference between a forecast
nd an observation, is modeled as a polynomial function
f forecast clear-sky index and cosine of zenith angle.
lthough such a simplistic polynomial function has been
xtended numerous times, e.g., into a kernel conditional
ensity estimation (KCDE) function (Yang, 2019b), the
ain purpose of MOS is to reduce, if not eliminate, the
odel-led bias in NWP forecasts. In the language of Mur-
hy and Winkler (1987), this kind of post-processing is
eferred to as calibration, because MOS aims to reduce
he bias between a given forecast and the materialized
bservation, i.e., the E [f − E x|f ]2 term in Eq. (1).
f ( )
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Even though MOS is mostly used for bias correction,
pplying it would also influence the variance of the fore-
asts. Underdispersed forecasts would fail to cover the
hysically possible range of irradiance values, which may
hen lead to insufficient commitment of reserves and thus
ay threaten the stability of the grid. In this regard,

his study is the first to reveal the relationship between
he dispersion of solar forecasts and the commonly used
erformance measures. In this regard, the term calibration
s used in a broader sense, covering not only the bias
eduction but also the adjustment of the forecast vari-
nce, for either the lowest mean squared error (MSE),
he lowest mean absolute error (MAE), or is equal to the
bserved variance. These three calibration goals are inher-
ntly conflicting because optimizing forecasts based on
ne metric leads to inferiority in others. As both MSE and
AE depend on the dispersion of the forecasts, and even
simple linear calibration significantly may change their
alues, using these metrics for comparative verification of
orecasts with different variances may lead to misleading
r inaccurate conclusions.
The underlying issue here is related to the general

otion of consistency, which refers to the correspondence
etween judgment and forecast, and has been known
ince at least the 1960s (Wilks & Murphy, 1986), and has
een reiterated numerous times (e.g. Armstrong, 2001;
neiting, 2011; Murphy, 1993; Stephan & Martin, 2011).
n the solar forecasting literature, however, the concept of
onsistency was not overtly discussed until very recently
Yang et al., 2020). Before the publication of that review,
lready numerous attempts were made to post-process
olar forecasts with advanced statistical and machine-
earning methods (see Yang & van der Meer, 2021, for
review). In virtually all works of that sort, superiority
laims were concluded based on one or a few accuracy
easures, of which the final presented choice of measures

s often made after repeated trial-and-error, as to max-
mize the apparent goodness of the proposed methods.
s argued by Jolliffe (2008), this kind of verification is
ssentially circular.
In view of the consistency problem outlined above,

his paper advocates the use of the correlation coeffi-
ient between forecast and observation as a measure of
erformance of NWP forecasts. As an alternative to the
easures for accuracy such as MSE or MAE, the correla-

ion coefficient describes the association between forecast
nd observation, but not the correspondence between
he values of forecast and observation. Since the corre-
ation coefficient is invariant with respect to the linear
ransformation of the forecast, it is not affected by the
irective under which the calibration is done, and thus
scapes from the circularity of consistency during fore-
ast verification. Furthermore, as shown in the following
ages, insofar as linear calibration is concerned, the MSE
kill score depends on the correlation, regardless of which
alibration directive is issued.
The rest of the paper is organized as follows. The

heoretical background and derivation of the main find-
ngs are summarized in Section 3, based on both a vi-
ual distribution-oriented and a formal measure-oriented
pproach. The results are empirically demonstrated for
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WP irradiance forecasts in Section 4. The practical and
erification-related implications and recommendations
re discussed in Section 5, while the conclusions are
ummarized in Section 6.

. Theoretical foundations

.1. Error distribution of solar forecasts

The process of making optimal deterministic (or point)
orecasts depends on the scoring function, i.e., the opti-
ality depends on the ‘‘forecast directive’’. Many com-
only used error metrics can be minimized by different

unctionals of the predictive distribution, e.g., MSE is min-
mized by the mean, and MAE is minimized by the median
Gneiting, 2011). Even though the predictive distribution
oes not appear directly in point forecasts, considering it
n the background facilitates the understanding of solar
orecasts’ characteristics (Kolassa, 2020). The predictive
istribution of a deterministic solar forecast can materi-
lize from the conditional distribution of historical obser-
ations and forecasts. The p(x| f ) conditional distribution
epresents the predictive distribution in those circum-
tances when a point forecast f is issued. The MSE or
he MAE of a forecast can be minimized by replacing all f
oint forecast values with the mean or the median of p(x|
), respectively.
The ridgeline plots drawn in Fig. 1 show the con-

itional distributions of the North American Mesoscale
NAM) irradiance forecasts and Surface Radiation Bud-
et Network (SURFRAD) observations for Goodwin Creek
GWN), Mississippi—SURFRAD is a seven-station irradi-
nce monitoring network that is of the world’s highest
adiometry standard. The p(x| f ) distributions have a neg-
tive skew (i.e., a long tail toward the lower values) at
igh and a positive skew at low forecast irradiance. This
symmetry is not a special trait of this particular NWP
odel; rather, this characteristic appears to be general,
ue to the ‘‘two-state’’ nature of solar irradiance. Stated
ifferently, owing to the clear and cloudy states of the sky,
misidentification of the sky condition can lead to a large
ias toward the opposite direction. Observed irradiance
aries between zero and the maximum clear-sky irradi-
nce (excluding the transient cloud-enhancement events).
herefore, in the case of high forecast irradiance, there
s a much bigger margin for overestimation than for un-
erestimation, while the opposite is true for low forecast
alues. Thus, these large errors resulting from erroneous
ky-state identification contribute to the asymmetry of
he conditional distributions.

The MSE of the forecasts can be reduced by corrections
hat bring the mean of p(x| f ) closer to the f = x identity
ine. In the Murphy–Winkler factorization, this distance
etermines the Ef [f − E (x|f )]2 term, i.e., the type-1 con-
itional bias, which reflects the calibration of the fore-
asts. A lower value of this term indicates a better calibra-
ion. The ridgeline plot of p(x| f ) for the MSE-optimized
AM forecasts is shown in Fig. 1(c) (the MSE-optimized
orecast is created by a linear transformation, as described
n the following subsection). However, adjusting E (x|f )
o the identity line would shift a larger portion of the
984
istribution below (above) the identity line at high (low)
rradiance forecasts, due to the aforementioned skewness
f the distributions, which would then lead to under
ispersed forecasts (note that the values above 900 W/m2

re practically eliminated from the forecast). Moreover, as
hown in Fig. 1(b) and (d), the underdispersion moves the
ean of the p(f |x) distributions further away from the

dentity line, which increases the Ex [x − E (f |x)]2 term,
lso known as the type-2 conditional bias, and decreases
he Ex [E (f |x) − E (f )]2 term, which is the discrimination
of the forecasts. Fig. 1 demonstrates this effect for only
one location, but similar patterns can also be observed at
all SURFRAD stations, as shown in the figures included
in the supplementary materials. Moreover, as long as
the conditional distributions are not symmetrical, these
findings would likely apply to forecasts issued by any
solar forecasting model—the conditional distributions can
only be symmetrical if the states of the sky are perfectly
identified. (Recall that the asymmetry originates from the
misidentification of a clear-sky condition as a cloudy one
or vice versa.)

On the other hand, the forecasts can also be optimized
for the MAE, by shifting the median of p(x| f ) closer to the
identity line. Fig. 1(e) and (f) show the ridgeline plots for
the MAE-optimized forecasts. The MAE-optimized fore-
casts are also slightly under dispersed, but they have a
lower type-2 conditional bias and higher discrimination
as compared to the MSE-optimized ones. The higher type-
1 conditional bias indicates a worse calibration, but this
is due to the simple fact that these forecasts are not cali-
brated for the mean but the median. The MSE-optimized,
mean-calibrated forecasts can be interpreted as the av-
erage of the expected solar irradiance. In contrast, in
the case of MAE-optimized, median-calibrated forecasts,
there is a 50%–50% chance that the actual irradiance will
be lower or higher than the forecast value, respectively.
These two calibration philosophies result in significantly
different forecasts, and the superiority of one set of cal-
ibrated forecasts over another depends on the directive
under which the verification is conducted.

3.2. Effect of a linear calibration on the forecast performance
metrics

The qualitative findings derived from the analysis of
the distributions can be supported by quantitative results
using the well-known bias–variance decomposition of the
MSE:

MSE (f , x) = V (f )+V (x)−2ρ (f , x)
√
V (f )V (x)+MBE2 (f , x) ,

(3)

where V (.) stands for the variance, ρ is the correlation
coefficient, and MBE is the mean bias error. This equation
can be re-arranged, as proposed by Murphy (1995):

MSE (f , x) =
[
1 − ρ2(f , x)

]
V (x) + [σ (f )

− ρ (f , x) σ (x)]2 + MBE2 (f , x) , (4)

where σ (.) is the standard deviation. If MBE and ρ are kept
unchanged, MSE is minimal when V f = ρ2(f , x)V x ,
( ) ( )
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Fig. 1. Conditional distributions of 24-h-ahead hourly NAM forecasts and SURFRAD observations for Goodwin Creek, Mississippi. (a), (c) and (e) show
p(x| f ) and (b), (d) and (f) show p(f | x) for the raw, MSE-optimized, and MAE-optimized forecasts, respectively. Blue and green dots represent the
mean and the median of the distributions, respectively. (For interpretation of the references to colour in this figure legend, the reader is referred to
the web version of this article.)
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.e., the minimization of MSE leads to the inevitable un-
erdispersion of the forecast. The underdispersion de-
ends on the association (i.e., correlation coefficient)
etween the forecasts and observations. The higher as-
ociation there is, the less under dispersed the forecasts
re. This result has also been reported by Vannitsem
nd Hagedorn (2011) who found that post-processing via
OS, as to reduce the MSE, leads to under dispersed

orecasts for longer lead times, i.e., the corrected forecasts
onverge to the climatological mean as the correlation
etween the forecasts and observations decreases.
Graphically, a well-known tool for the joint visualiza-

ion of the σ (f ), ρ (f , x) and RMSE (f , x), based on the
nalogy of formulas for the bias–variance decomposition
f Eq. (3) and the law of cosines, is the Taylor diagram
Taylor, 2001). The underdispersion of the MSE-optimized
orecasts can also be seen from the Taylor diagram: the
angent point of the correlation coefficient and RMSE
solines shift towards decreasing standard deviation as
he correlation coefficient decreases. However, Taylor di-
grams have not gained wide uptake in the solar forecast
erification literature, though it is a familiar concept in
he statistical forecasting community.

The simplest way to calibrate a forecast is through a
inear transformation:
′
= af + b (5)

where a and b are the scale and offset parameters, re-
spectively. As long as a > 0, this linear transformation
oes not change the correlation coefficient, i.e., ρ

(
f ′, x

)
=

ρ (f , x).
The bias and variance of the calibrated forecast are

MBE
(
f ′, x

)
= aE(f ) + b − E(x) and V

(
f ′

)
= a2V (f ),

espectively. The scale parameter can be used to set the
ariance to the desired value; then an offset can be chosen
uch that it eliminates the bias (i.e., MBE

(
f ′, x

)
= 0). In

general, the variance of the forecast can be set to any
arbitrary value, which can be described as a proportion
of the observed variance with an F variance ratio. The
variance ratio, as introduced by Mayer and Gróf (2021) in
the context of solar forecasting, provides a one-number
summary of the dispersion of forecasts. Two special cases
are F = ρ2, which corresponds to the calibration directive
of having the lowest squared error, and F = 1, which
occurs when the forecast and observed variances are the
same. The calculation of parameters a and b and the
resulting MSE are summarized in Table 1. The expression
for the offset parameter is the same across all cases,
i.e., E(x)−aE(f ), but since the expression contains in itself
the scale parameter, the offset takes a different numerical
value in each case. It also can be seen from the table that
parameters a and b can be determined from the V (x)
variance and E(x) mean of the observations, which are not
known exactly in advance but can be effectively estimated
from historical data.

The MSE of forecasts depends only on the correla-
ion coefficient between the forecast and observation, the
hosen variance ratio, and the variance of observation,
hich is independent of the forecast. Furthermore, the
atio of the optimized MSE to the MSE of the variance-

orrected forecasts is [1 + ρ (f , x)]/2. For example, for

986
set of forecasts with a 0.85 correlation coefficient, the
SE-optimized forecasts have a 7.5% lower MSE as com-
ared to the variance-corrected ones, but it only captures
2.25% of the observed variability. These numbers are
he same for any set of forecast–observation pairs that
ave ρ = 0.85, which indicates that the often-overlooked

correlation coefficient is a unique indicator of forecast
performance. However, since the correlation coefficient
does not measure the correspondence between the values
of forecast and observation, it does not gauge accuracy or
skill (Murphy, 1995).

The RMSE skill score is the most commonly used met-
ric to gauge the overall skillfulness of a solar forecaster
(Yang et al., 2020). The RMSE skill score is calculated as
s = 1−RMSE

(
f ′, x

)
/RMSEref, and in our particular case, it

expresses the RMSE improvement of the calibrated NWP
forecasts over the reference forecasts. The standard of
reference can be either persistence, climatology, or the
optimal convex combination of climatology and persis-
tence (CLIPER) as suggested by Yang (2019a). Table 2 lists
the skill score expressions of the differently calibrated
forecasts over the three different standards of reference.

The skill scores only depend on the correlation coef-
ficient, the variance ratio of choice, and γ (h), the lag-h
autocorrelation of the observations. Since the variance
ratio under an MSE-optimized or variance-corrected cali-
bration is fixed, the potentially best skill of the calibrated
forecasts depends only on the correlation coefficient. This
result again agrees with the finding of Murphy and Ep-
stein (1989) that the correlation coefficient is ‘‘a measure
of potential rather than actual skill’’.

The four terms of the calibration–refinement and
likelihood–base rate factorizations are influenced by the
linear calibration in the following ways:

• Type-1 conditional bias Ef [f − E (x|f )]2 (lower is
better): changes to the same extent as the MSE.1

• Resolution Ef [E (x|f ) − E (x)]2 (higher is better): con
stant, not affected by the linear transformation.

• Type-2 conditional bias Ex [x − E (f |x)]2 (lower is
better): has a minimum for overdispersed forecasts
with F = 1/ρ2, and its value is higher for the MSE-
optimized than for the variance-corrected forecasts.

• Discrimination Ex [E (f |x) − E (f )]2 (higher is bet-
ter): changes proportionally to the forecast variance,
and its value is lower for the MSE-optimized than for
the variance-corrected forecasts.

Eq. (5) can also be used to optimize forecasts based on
the lowest-MAE directive. In this case, there is no ex-
plicit formula for a and b. Still, they could be effectively
calculated by any general-purpose optimization routine,
e.g., the scipy.minimize function in Python or the optim
function in R. As MAE optimization is unrelated to squared
error, there is no theoretical relationship to knowing the
variance and other metrics of an MAE-optimized forecast
without actually calculating it. However, as long as the

1 As the resolution term is constant, all changes in the MSE are due
to the change of the type-1 conditional bias, so if the MSE is reduced
by X, then type-1 conditional bias is also reduced by X.
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Table 1
Scale and offset parameters required for the calibration of different variance ratios and the formula for the resulting
mean square error (MSE)

MSE-optimized (F = ρ2) General (F variance ratio) Variance-corrected (F = 1)

a ρ (f , x)
√
V (x) /V (f )

√
FV (x) /V (f )

√
V (x) /V (f )

b E(x) − aE(f )

MSE
[
1 − ρ (f , x)2

]
V (x)

[
1 + F − 2ρ (f , x)

√
F
]
V (x) 2 [1 − ρ (f , x)]V (x)
Table 2
Skill scores of forecasts calibrated for zero bias and a chosen variance ratio, including the optimal underdispersion for the lowest MSE.
Ref. Reference RMSE Skill score

Min. MSE (best skill) Equal variances General formula

Clim. RMSEc = σ (x) sc = 1 −

√
1 − ρ (f , x)2 sc = 1 −

√
2 [1 − ρ (f , x)] sc = 1 −

√
1 + F − 2ρ (f , x)

√
F

Pers. RMSEp =
√
2 [1 − γ (h)]σ (x) sp = 1 −

√
1−ρ(f ,x)2
2[1−γ (h)] sp = 1 −

√
1−ρ(f ,x)
1−γ (h) sp = 1 −

√
1+F−2ρ(f ,x)

√
F

2[1−γ (h)]

CLIPER RMSEcp =

√
1 − γ (h)2σ (x) scp = 1 −

√
1−ρ(f ,x)2

1−γ (h)2
scp = 1 −

√
2[1−ρ(f ,x)]
1−γ (h)2

scp = 1 −

√
1+F−2ρ(f ,x)

√
F

1−γ (h)2
Table 3
Performance metrics for raw, MSE-optimized, MAE-optimized, and variance-corrected NAM forecasts for the Goodwin
Creek, Mississippi SURFRAD station.

Raw MSE opt. MAE opt. Var. corr.

Scale parameter a 1 0.842 0.969 0.974
Offset parameter b 0 21.4 −6.8 −38.3
Correlation coefficient ρ 0.865
Variance ratio F 105.4% 74.8% 98.8% 100.0%
Mean absolute error MAE 93.1 96.4 89.7 95.0
Mean bias error MBE 49.9 0.0 28.9 0.0
Mean square error MSE 157.42 142.12 149.52 147.12

Clim. skill score sc 13.6% 22.0% 17.9% 19.2%
Pers. skill score sp 25.6% 32.8% 29.3% 30.4%
CLIPER skill score scp 8.6% 17.5% 13.2% 14.6%
Observed variance V(x) 282.92 282.92 282.92 282.92

Forecast variance V(f ) 290.42 244.62 281.32 282.92

Type-1 cond. bias Ef [f – E(x| f )]2 69.62 14.12 49.22 41.42

Resolution Ef [E(x| f ) – E(x)]2 244.82 244.62 244.82 244.82

Type-2 cond. bias Ex [x – E(f | x)]2 62.42 73.42 52.72 42.92

Discrimination Ex [E(f | x) – E(f )]2 251.62 212.02 243.72 245.12
,

p(x| f ) conditional distributions follow the general asym-
metric pattern discussed in Section 3.1 and the medians
are more towards the extremes than the means, the MAE-
optimized forecasts are less under dispersed than the
MSE-optimized ones.

4. Application for the NAM irradiance forecast

The theoretical differences of various calibration meth-
ods are demonstrated and quantified for the NAM fore-
casts issued for 2015–2016 at seven SURFRAD stations.
Table 3 summarizes all performance indicators commonly
used in solar forecast verification for the GWN station, for
the raw, MSE-optimized, MAE-optimized, and variance-
corrected forecasts. The standard deviations, correlation
coefficients, and RMSEs of these four sets of forecasts
are shown in a Taylor diagram in Fig. 2. It is noted that
although with different numerical values, the same ten-
dencies can be observed at the six other SURFRAD sta-
tions. Therefore, the results for the other stations are not
987
presented in the main text of the paper but can be found
in supplementary materials.

The MSE-optimized forecasts are much under dispersed
as they only capture <75% of the observed variance. They
have the lowest type-1 but the highest type-2 condition
bias and the worst discrimination. However, due to their
lowest RMSE, they seem to be considerably more skillful
than the other forecasts. This is not surprising, because
RMSE changes monotonically with MSE, i.e., minimizing
MSE is equivalent to minimizing RMSE.

The variance-corrected forecasts lag behind the row-
wise best values in the traditional error metrics like MSE
and MAE, but they are well balanced in terms of the vari-
ous aspects of quality under the Murphy–Winkler factor-
ization: the type-1 conditional bias and type-2 conditional
bias are almost the same, which is also true for their
resolution and discrimination.

The MAE-optimized forecasts are only slightly under
dispersed, and as a trade-off, they retain some of the
raw forecasts’ positive bias. The type-1 conditional bias
is high, which indicates that these forecasts are not well
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Fig. 2. Taylor-diagram for the raw, MSE-optimized, MAE-optimized,
nd variance-corrected NAM forecasts for Goodwin Creek, Missis-
ippi. The solid black line indicates the standard deviation of the
bservations.

Fig. 3. Performance indicators of the bias-corrected NAM forecasts
calibrated for different variance ratios for Goodwin Creek, Mississippi.
The green area indicates the ρ2 < F < 1 domain, which is the most
important in practical calibrations, and the ‘‘sqrt’’ abbreviation stands
for the square root of the given metric. (For interpretation of the
references to colour in this figure legend, the reader is referred to the
web version of this article.)

calibrated for the mean. However, as long the MAE-
optimized forecasts are deliberately calibrated for the
median instead of the mean, it makes no sense to mea-
sure their performance using the Ef [f − E (x|f )]2 term.
In the Taylor diagram, the MAE-optimized forecasts are
the closest to the variance-corrected forecasts.

Fig. 3 shows the effect of the dispersion of bias-correcte
forecasts on six performance indicators. The green zone
indicates the ρ2 < F < 1 domain, i.e., a variance
ratio ranging from that of the MSE-optimized to that
of the variance-corrected forecasts. This is the range in
which the variance ratio is recommended to be set during
calibration. For more under dispersed forecasts (i.e., F <
988
ρ2), their performance under most metrics starts to de-
teriorate, hence, it makes no sense to calibrate for any
variance ratio lower than the square of the correlation
coefficient. Overdispersed forecasts (i.e., F > 1) are only
recommended if the variance of the MAE-optimized fore-
casts falls into this domain—the only such example among
the NAM forecasts for the seven examined locations is at
Sioux Falls (SFX), South Dakota, with an F = 101.5%. An
even higher overdispersion may still seem beneficial in
terms of type-2 conditional bias and discrimination, but
the increase of the absolute and squared errors overrides
these apparent benefits. Technically, the discrimination is
maximized by forecasts with an infinite variance; thus, it
is generally not recommended to calibrate forecasts for
the maximum discrimination. In the green zone, different
metrics are clearly conflicting. In this regard, there is no
theoretically best variance ratio, and the choice depends
on the directive under which the forecasts should be
issued.

5. Discussion

Many recent recommendations on solar forecast veri-
fication encourage the simultaneous use of several com-
plementary performance metrics, as to obtain a complete
overview of the different aspects of the forecast quality
(Yang et al., 2020). This trend is clearly an improve-
ment over the former practice, which relied only on a
few arbitrarily (or sometimes deliberately) selected met-
rics. Since no point forecast can perform best in terms
of all relevant metrics (Gneiting, 2011), the evaluation
based on a wide range of performance indicators mostly
lead to contradictory conclusions (i.e., a forecast is bet-
ter in one respect but is worse in another), which may
make the overall benefits of a superior forecast opaque.
Understanding the relationship and trade-offs between
different performance metrics is essential for the correct
interpretation of verification results.

The variance of forecasts significantly influences most
of the commonly used performance metrics, which has
several important implications for forecast verification. As
MSE-optimized forecasts are always under dispersed, the
common practice of using RMSE skill score for evaluation
overrates the forecasts with lower dispersion. Such under
dispersed forecasts are less discriminatory, have a higher
type-2 conditional bias, and are suboptimal in terms of
MAE. Hence, a high forecast skill does not necessarily
indicate an overall good forecast performance. This has
long been pointed out by Murphy and Winkler (1987),
that forecast skill, just like accuracy, is but one aspect of
forecast quality.

Forecasts with different variance ratios can be best
compared using the correlation coefficient between fore-
cast and observation, which does not depend on the vari-
ance and the unconditional bias, i.e., it is not affected by a
linear calibration. Nevertheless, the correlation coefficient
does not give any information about the quality of fore-
casts in their raw form, as even forecasts with orders of
magnitudes away from the observation can have a high
correlation coefficient. Rather, it indicates how the fore-
casts could perform after proper linear calibration. This
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Fig. 4. Root mean square error (RMSE) of two forecasts with different
correlation coefficients for the same location. Dots represent the actual
variance-ratio and RMSE of the forecasts, while the lines represent all
possible trade-offs that can be achieved by a linear calibration.

scale independence is mostly considered a drawback, but
it is advantageous when the potential skills of different
forecasting techniques are assessed.

The correlation coefficient is the best representation
f the potential performance of the forecast of interest
Murphy & Epstein, 1989). In most research papers, the
ain aim is to develop forecasting methods with the
iggest potential in practice. Therefore, the correlation
oefficient should become a central element of the
easure-oriented forecast verification. Fig. 4 demonstrates
n example of how an MSE-based comparison could
isidentify the overall better forecast. The two dots stand

or two sets of forecasts for the same location. Whereas
he orange dot has a lower MSE, the blue dot has a higher
orrelation coefficient. However, the solid lines represent
ll possible MSE values that can be achieved by a linear
ransformation of the given set of forecasts. Looking at
hese lines, it becomes clear that the lowest MSE of the
range forecasts is only due to their lower dispersion,
hile the blue forecasts can outperform the orange at
ny variance ratio after a simple linear transformation.
ncidentally, the color blue stands for the bias-corrected
AM forecasts for GWN, while the orange is a modified
ersion created by blending the raw forecasts with the
4-h persistence and applying a 3-h moving average. Even
hough such modification seems beneficial in terms of
he RMSE skill score, it actually deteriorates the potential
orecast performance.

The presented linear calibration formula is but one
ossible approach to bias–variance correction; but it can
e further improved by, e.g., a regime-based linear cali-
ration (Mejia, Giordano, & Wilcox, 2018). For example,
he raw NAM forecasts are too ‘‘optimistic,’’ in that they
end to issue exaggerate the amount of clear-sky situa-
ions, owing to the imperfect parameterization used in
he model (there are more points in the top left quarter
f the joint distribution scatterplot of Fig. 1 than in the
ottom right quarter). This tendency results in a large
ositive bias in all seven stations and overdispersion in
989
five out of seven stations. Metric-wise, the forecasts can
be corrected via the linear calibration formula; however,
a better solution is to deal with the uncertain sky states,
specifically, and only correct the forecasts over those pe-
riods. Such an improvement would be directly reflected
in the correlation coefficient. In general, any nonlinear or
multivariate calibration method is beneficial if it improves
the correlation coefficient.

Up to this point, the discussion is based on a quadratic
error approach, because almost all aspects of quality can
be obtained from the MSE factorizations. As an excep-
tion, the MAE does not fit into this context, and there
is no strict relationship between the MAE and the other
metrics. A higher correlation coefficient and lower bias
are, in general, beneficial for a low MAE. Still, it does
not mean that the forecasts with the highest correlation
coefficient and zero bias always have the lowest MAE.
An extensive comparison of physical model chains for
forecast irradiance to power conversion revealed that the
MSE is minimized by simpler model chains, while the
MAE is by more complex ones (Mayer & Gróf, 2021). The
MSE-optimized power forecasts were shown to be more
under dispersed than MAE-optimized ones, which seems
to be the general case in solar forecasting, as empirically
demonstrated in Section 3.1 of the present paper.

It is now widely accepted that the verification should
be based on a directive, which, in most cases, refers to an
error metric under which a forecast is penalized. How-
ever, in practical applications, it is important to find a
directive that corresponds to the highest economic value
resulting from the decision-making based on the fore-
casts; the notion of ‘‘value’’ is another type of goodness
of forecast, as argued by Murphy (1993). In the context
of grid integration, the total imbalance caused by the
inaccurate power forecasts is quasi-linear to the sum of
the absolute errors, though with appropriate caveats. If
the unit cost of imbalance is constant, the MAE-optimized
forecasts can ensure the lowest imbalance costs, as has
been identified by Antonanzas, Perpinan-Lamigueiro, Ur-
raca, and Antonanzas-Torres (2020). On the other hand,
as a general tendency, large imbalances may cause sys-
tem stability issues and thus translate to more reserves
(or flexible resources), of which the cost does not scale
linearly with the amount allocated. In such cases, the
MSE, which penalizes large errors heavily, can better in-
dicate the economic benefits of forecasting. On this point,
independent system operators (ISOs) around the world
have diverse policies regarding how forecasts should be
submitted and penalized. For instance, according to the
Hungary market policies, individual PV plants that are
subsidized by feed-in tariff have to pay penalties for the
absolute deviation in their forecasts, but for China South-
ern Power Grid, the forecasts submitted by individual
plants are penalized based on squared deviation (Yang
et al., 2021). Indeed, the penalty scheme is often in-
fluenced by the market structure and the costs of the
reserves.

As a general rule, evaluating a point forecast under a
different metric other than the one that it is optimized
for can lead to unfair comparisons (Kolassa, 2020). Conse-
quently, if a forecaster uses MAE as the main performance
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ndicator, they should avoid optimizing the forecasts, even
ndirectly, for any MSE-related terms—this is related to
nother important concept gauging the goodness of a
orecast, namely, consistency (Murphy, 1993). In other
ords, training a machine-learning model for the min-

mal MSE, or applying a calibration fitted by the least-
quares method, and then evaluating the forecasts based
n their MAE is methodologically wrong. Moreover, the
ype-1 conditional bias term of the Murphy–Winkler fac-
orization only refers to the calibration if it is understood
n the context of the MSE. In MAE-optimized forecasts,
hich are calibrated for the conditional medians instead
f the conditional means, this term has no meaningful
nterpretation.

. Conclusion

For a long while, solar forecasters were obsessed with
ntroducing fancy forecasting models. This is beneficial to
ome extent because any emerging field needs to broaden
ts view. So, the more models the field is aware of, the
ore rapid its development can be. Notwithstanding, it
hould be clear, now, that novelty in modeling is not
he only thing that matters to solar forecasting research.
ithout carefully considering the verification and results

hereof, anyone can game the system by opting for accu-
acy measures that favor a particular model, e.g., compar-
ng MAE-optimized forecasts to MSE-optimized forecasts
ased on MAE.
This paper has gone to great length in demonstrating

he profound impacts of different calibration strategies
n forecast verification. MSE-optimized, MAE-optimized,
nd variance-corrected forecasts are compared in terms
f the various aspects of forecast quality outlined in the
urphy–Winkler distribution-oriented verification frame-
ork. It is found that all three calibration schemes have
trengths and weaknesses. Additionally, we took a closer
ook at the role of the correlation coefficient under dif-
erent calibration schemes. The correlation coefficient is
good overall measure of the potential performance of

orecasts; its usage is highly recommended in studies that
ssess the goodness of forecasts in general instead of
ocusing on a particular application or context, i.e. when
clear forecast directive is lacking.
Following the findings of the current study, in practical

pplications and operational forecasting, forecast verifica-
ion ought to be based on a directive, as also suggested in
everal previous papers. At present, many grid operators
ave issued directives under which the submitted fore-
asts are evaluated and penalized (e.g., see Yang et al.,
021). It is therefore important to identify the metric
hat is consistent with the directive, and calibrate the
orecast for that metric—even a simple linear calibration
an result in a noticeable (5%–10%) improvement of the
etric of interest—such that the penalty due to forecast

naccuracy can be minimized, and value of the forecast
an be maximized.
990
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Appendix A. Verification results for all surfrad stations

Supplementary material related to this article, includ-
ing the conditional distribution plots, Taylor diagrams and
metrics for all seven SURFRAD stations, can be found
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