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Abstract—In atmospheric sciences, various quantitative indicators, or metrics, are used to describe the
quality of modeling results of various flavors including numerical weather prediction, statistical correction,
various downscaling products, etc. Metrics provide the accuracy of reproduction of the processes
underlying the models and allow comparison of models by assessing the uncertainty of their results.
The key importance of metrics lies in a more thorough study of the advantages and disadvantages of
classical approaches and in the development of new, more complex assessment methods. This article
presents a classification of the most frequently encountered quality metrics in the scientific literature.
In addition to assessing traditional pointwise metrics, complex methods considering various aspects of
modeling results and special metrics used in climate studies are described. Among the complex metrics,
methods with an emphasis on the spatial structure and heterogeneity of the predicted variable fields and
probabilistic methods for verifying ensemble forecasts are distinguished. Special attention in this paper
is devoted to the growing popularity of object-oriented metrics and metrics based on rare and extreme
events. Climate models are assessed by comparing the results of retrospective modeling with historical
data, which complicates the choice of metrics. A variety of climate metrics focusing on specific climate
processes or integrating several parameters is described. The need for developing more diverse metrics for
effective evaluation of climate models is explored. All metrics considered in this article are supplemented by
examples in the scientific literature and assessments of their application to atmospheric research.
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1. INTRODUCTION

Climate change significantly impacts human eco-
nomic activities, that makes accurate weather and
climate forecasting crucial both for public safety and
for global economy [1, 2]. However, atmospheric
research is characterized by a gap between theo-
retical and applied aspects of predictive models [3].
This dilemma involves balancing the model ability to
generalize diverse information with the reliability and
uncertainty of the model results for specific tasks.
Resolving this dilemma is vital for enhancing the
practical significance of atmospheric research [3–7].

To bridge this gap, the justified metrics that rep-
resent model results in an easily interpretable form
are necessary. Following [3], we define metrics as

*E-mail: rezvov.vu@mipt.ru

quantitative indicators that simplify complex, multi-
dimensional datasets into brief numerical or categor-
ical representations.

2. METRICS PROPERTIES

Metrics possess several important properties [3].
In general, they summarize and analyze specific fea-
tures or aspects of modeling and evaluate variability
in datasets or identify differences between datasets.

As shown in [6], quality metrics play a crucial
role in reducing the gap between theoretical under-
standing of the atmosphere and practical application
of modeling results. Metrics provide a quantitative
description of key climate and weather phenomena
and processes, essential for scientific and applied per-
spectives. These metrics also enable comparison
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between weather forecasting or climate models and
assessment of their suitability for various tasks [3].
Such versatility advances climate modeling and aids
in selecting the most relevant data for specific situa-
tions and applications [5, 6].

A primary goal of model evaluation is the quan-
titative description of uncertainties within the data
itself, as shown in [8]. Such uncertainty impacts the
informational content of the data [9] and determines
its rational use, for example, for hypothesis testing
[8]. Effective quantitative assessment of uncertainty
also aids in understanding the characteristics of mea-
surement or model errors, distinguishing between
systematic and random errors [8, 10, 11].

Using a single metric is desirable from the point
of view of optimization problems, yet it is often in-
sufficient. A set of metrics, encompassing multi-
ple components such as spatial distributions, vector
fields, or time series, allows for a comprehensive study
of spatial and temporal characteristics and interrela-
tionships within the data [3].

Combining complex datasets becomes possible
through dimensionality reduction methods applied to
a set of multiple metrics, resulting in the generalized
interpretable metric [12–14].

Reed et al. [3] also note that transforming atmo-
spheric model output into a set of multiple quantita-
tive metrics creates a universal array of information
for both theoretical and practical purposes, address-
ing specific needs. Such joint study can significantly
advance the effective use of research results [15–17].

In [8], it is emphasized that the legitimacy of ap-
plying any metrics to assess model quality depends
on the assumption of statistical stationarity. When
calculating a set of metrics, it is necessary to se-
lect appropriate spatial and temporal domains where
model error characteristics are considered stationary
and to process each such domain separately.

In [18], the importance of quality metrics selection
is exemplified by their application to gridded meteoro-
logical data. The authors describe gridded meteoro-
logical data as meteorological variables, such as pre-
cipitation, near-surface temperature, or wind speed,
whose values are given at the nodes of spatial grids.
Gridded data are typically obtained by combining
measurements from meteorological stations, remote
sensing data, atmospheric models, and reanalyses
[19–21].

The importance of gridded data in atmospheric
sciences is defined by their application in various
tasks, including climate change analysis [22]. The
spatial resolution of gridded data from numerical
models ranges from tens to hundreds of kilometers
due to computational efficiency [23, 24]. Such
resolution is insufficient for detailed regional or local

weather modeling [18]. As shown in [25], high spatial
resolution is crucial for tasks involving complex
computations, such as energy balance.

This problem can be solved through downscaling
[26–28]. Downscaling refers to a set of techniques for
transforming spatial low-resolution data into high-
resolution data [18], enhancing the gridded meteoro-
logical data for various applications.

In spatial downscaling of meteorological variables,
the importance of selecting quality metrics for objec-
tive and quantitative evaluating of the method accu-
racy is most clearly demonstrated [18].

3. METRICS CLASSIFICATION

In general, quality metrics can be roughly divided
into two categories [18].

The first category includes metrics based on
pointwise errors between predicted and observed
values of variables. Examples of such metrics are
bias (B), mean absolute error (MAE), mean squared
error (MSE), and root mean square error (RMSE).
This group also includes peak signal-to-noise ratio
(PSNR), calculated using the maximum value of the
estimated quantity and MSE.

The second group of metrics evaluates different
aspects of the model rather than errors at grid points.
Examples of such metrics are the correlation coef-
ficient (r), coefficient of determination (R2), struc-
tural similarity index (SSIM), Kling–Gupta efficiency
(KGE), relative operating characteristics skill score
(ROCSS), 98th percentile bias (P98), continuous
ranked probability score (CRPS), and fractions skill
score (FSS). These metrics assess various aspects of
modeling quality, including generalization and pre-
dictive ability, especially, for extreme values.

The coefficient of determination, commonly re-
ferred to as R2, is a concept used in analysis of
variance and regression analysis [29]. In general, it
measures the proportion of variance in the data that is
explained by the model R2 = 1− FV U , where FV U
is the fraction of variance unexplained. Therefore, a
higher R2 value indicates that the model provides a
better fit for the data.

In a special case, when the data comprises values
x1, ..., xN of a response variable and a model utilizing
predictor variables is applied, R2 is defined as follows:

R2 = 1−
∑N

i=1 (yi − xi)
2

∑N
i=1 (xi − x)2

,

where x represents the average of the observations
and yi is the predicted value of xi based on the fitted
model. If there is no relationship between the predic-
tor variables and the response variables, then x serves
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as the best “model” for explaining the data. Thus, the
terms xi − x capture the deviations in the scenario
where there is no connection between the predictor
variable and the response variable [29].

In [8], the authors do not provide a precise classi-
fication of quality metrics, however, referring to [30,
31], they highlight three most commonly used quality
metrics. These are B, MSE, and r. It is easy to
see that these metrics coincide with the main metrics
in the classification described above [18]. In [8],
the authors consider the examples of quality metrics
derived from the basic ones: conditional and uncon-
ditional bias [32], unbiased root mean square error
(ubRMSE), and skill score (SS) [33].

Table 1 lists the main quality metrics described
in [8, 18].

3.1. Limitations of Commonly Employed Metrics

The “big three” commonly employed metrics [8]
include B, MSE, and r, widely applied in various tasks
related to atmosphere [13]. However, the analysis
of these basic metrics reveals several fundamental
limitations [8].

Firstly, classical metrics are interrelated and can-
not be considered as independent quality indicators
[13]. Such relations may indicate the redundancy of
simultaneously applying several related metrics and
lead to ambiguity in interpreting their values [8]. Ad-
ditionally, in [8], the authors point out that different
combinations of errors between predicted and actual
values of variables can lead to the same metric values.
The question of how many metrics are sufficient for
an unambiguous and complete description of a model
error remains open [8].

Secondly, most of commonly employed traditional
metrics are based on the assumption that random
error is normally distributed. Otherwise, classical
quality metrics can result in misleading or meaning-
less outcomes [10, 34].

In [8], it is demonstrated that if both actual data
x and model forecasts y are known, their joint distri-
bution p(y, x) contains all time-independent informa-
tion relevant to model forecast verification [35]. Since
the joint distribution depends on the conditional dis-
tribution p(y|x) and the known distribution of actual
data p(x) as p(y, x) = p(y|x)p(x), assessing model
quality through the joint distribution is equivalent
to assessing the conditional distribution [36]. Thus,
parametric decomposition of the model errors y(x)
can determine all classical quality metrics based on
the parameters of the decomposition [8, 31, 37].

According to several authors, classical metrics
are fundamentally inapplicable for nonlinear error
models and provide misleading interpretations of
quality [10, 34].

3.2. Pointwise Metrics

The first two of the three commonly used tradi-
tional metrics described above, and their derivatives,
are pointwise metrics, according to the classification
given in [18]. However, the legitimacy of their use
for evaluating the quality of hydrometeorological re-
search is often not emphasized. The papers that either
justify the use of pointwise metrics or highlight the
limitations of classical metrics from a statistical (as
in [8]) or physical perspective are more interesting, in
our view.

MSE is effectively used as a standard statistical
indicator for model quality assessment in meteorology
and climate science [38–40]. MAE is also widely used
in model evaluations, although there is no consensus
on the most suitable metric for hydrometeorological
tasks [40]. The ambiguity of RMSE, which gives
higher weight to errors with larger absolute values
compared to MAE, which gives equal weight to all
errors, is highlighted in [41, 42].

Other studies have not clarified the superiority
of any of two main pointwise metrics. In [40], the
authors showed that MSE is more appropriate when
model errors follow a normal distribution, which is
also confirmed in [8]. Furthermore, [40] proved that
RMSE satisfies the triangle inequality, a necessary
condition for a distance metric, refuting the criticism
presented in [41]. MSE is simpler for gradient calcu-
lation and thus more preferable as it can serve as a
loss function in optimizing statistical models [40].

A more recent study [43] concludes that compar-
ing MSE and MAE is pointless since they correspond
to different distributions of model errors. In [43], the
authors supplement the proposal [40] to use a com-
bination of various indicators, including RMSE and
MAE, for model quality evaluation. Metrics in combi-
nation should be weighted by their likelihood to avoid
violating the theoretical principles of deriving metrics
from the corresponding error distributions [43]. A
justified result can also be achieved by transforming
data to fit a particular distribution, such as normal,
leading to a single pointwise metric.

3.3. Complex Metrics

Variable fields in atmospheric and ocean science
typically exhibit coherent spatial structures with some
inhomogeneities, such as in precipitation, wind speed
or ocean currents fields. Standard pointwise metrics
often do not account for the inherent spatial correla-
tion in such fields. As a result, the interpretation of
pointwise metrics is often challenging in a physical
sense [44].

The study [45] reaches a broader conclusion that
pointwise metrics are fundamentally unsuitable for
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Table 1. Basic quality metrics. The observations and forecasts are denoted as x and y, respectively. Notations

used to denote sample mean and variance for x and y, respectively, are defined as x =
1

N

∑N
i=1 xi, y =

1

N

∑N
i=1 yi,

σ2
x =

1

N

∑N
i=1 (xi − x)

2, σ2
y =

1

N

∑N
i=1 (yi − y)

2, where N is the number of grid nodes. FV U is the fraction of variance

unexplained

Name Definition Range Ideal value

Bias B =
1

N

N∑

i=1

(yi − xi) (−∞; +∞) 0

Mean absolute error MAE =
1

N

N∑

i=1

|yi − xi| [0; +∞) 0

Mean squared error MSE =
1

N

N∑

i=1

(yi − xi)
2 [0; +∞) 0

Root mean square error RMSE =
√
MSE [0; +∞) 0

Correlation coefficient r =

N∑

i=1

(xi − x) (yi − y)

√
√
√
√

N∑

i=1

(xi − x)
2

√
√
√
√

N∑

i=1

(yi − y)
2

[−1; 1] 1

Coefficient of determination

R2 = 1− FV U

(−∞; 1] 1

R2 = 1−

N∑

i=1

(yi − xi)
2

N∑

i=1

(xi − x)
2

Peak signal-to-noise ratio PSNR = 10 log10

⎛

⎜
⎝

[
max

i
{xi}

]2

MSE

⎞

⎟
⎠ (−∞; +∞) +∞

atmospheric applications. Quantitative assessment
of weather forecast model quality represents a more
complex task and requires developing multiple indi-
cators focusing on different aspects of forecast quality.

Thus, several scientific works propose moving
away from classical metrics towards nonparametric
metrics, especially when a parametric error model
cannot be determined [36, 46–48], and towards more
comprehensive multidimensional metrics [31, 44],
including object-oriented metrics [11].

In [49–51], the authors propose various methods
for assessing the internal spatial and temporal corre-
lation in meteorological datasets. Other quality met-
rics can account for the stochastic nature of specific
meteorological variables, expressed as binary events,
such as the presence or absence of precipitation [52].
The evaluation of extreme events suffers from the

“forecaster’s dilemma,” which discredits skilful fore-
casts when they are evaluated only under the con-
dition that an extreme event occurred. This results
in violating the theoretical assumptions of forecast
verification methods [45, 53].

The most frequently used complex metrics in at-
mospheric research are presented in Table 2 and will
be discussed below.

3.3.1. Structural similarity index (SSIM).
SSIM approximates the perceptual difference in spa-
tial structure between two images [54]. This metric
ranges from –1 to 1, where 1 indicates a perfect
match between two images. Created for comparing
natural images, SSIM evaluates differences in bright-
ness, contrast, and structure using a sliding window.

Using the notations from Table 1, SSIM is calcu-

MOSCOW UNIVERSITY PHYSICS BULLETIN Vol. 79 Suppl. 2 2024



S754 REZVOV et al.

Table 2. Principal complex metrics

Name Designation Range Ideal value

Structural similarity index SSIM [−1; 1] 1

Kling–Gupta efficiency KGE (−∞; 1] 1

98th percentile bias P98 (−∞; +∞) 0

Continuous ranked probability score CRPS [0; +∞) 0

Fractions skill score FSS [0; 1] 1

Relative operating characteristics skill score ROCSS [−1; 1] 1

lated for each sliding window position:

SSIM =
(2x · y + C1) (2σxy + C2)(

x2 + y2 + C1

) (
σ2
x + σ2

y + C2

) ,

where σxy is the covariance of x and y, and C1 and
C2 are constants to stabilize the division with weak
denominator.

This quality metric and its derivatives are widely
used in atmospheric tasks, particularly for spatial
downscaling of meteorological variables [55–58].
Gridded data can be represented as images, turning
downscaling task into superresolution problem for
natural images.

Compared to the actual distribution, various
model realizations of meteorological fields may have
similar pointwise metric values such as MSE, while
their spatial coherent structures significantly differ
[55]. As a local metric, SSIM can account for the
overall covariance structure of errors, hypothetically
eliminating some common shortcomings of pointwise
quality metrics.

Nevertheless, there is growing concern about the
insufficient justification for applying SSIM to gridded
meteorological data, including the arbitrary choice of
the sliding window scale [59]. Consequently, some
authors do not recommend using SSIM as a complete
replacement for pointwise metrics, since this index
is directly related to MSE. SSIM definition through
mean values, variances, and correlations does not
adequately model human visual perception [60].

3.3.2. Kling–Gupta efficiency (KGE). As men-
tioned above, according to [40], it is possible to use
pointwise metrics in tasks with gridded data by com-
bining such metrics. [61] proposed another quality
metric, Kling–Gupta Efficiency (KGE), which has
gained popularity in hydrometeorological tasks, in-
cluding downscaling [62, 63].

KGE is computed as follows:

KGE = 1−
√

(R− 1)2 + (α− 1)2 + (β − 1)2,

where R is the correlation coefficient, α is the vari-
ability parameter, and β is the bias parameter.

In the original form suggested in [61], the variabil-
ity parameter is expressed as the ratio of the standard
deviations of the modeled and actual data α =

σy

σx
, and

the bias parameter is expressed as the ratio of the
means of the modeled and actual values β = y

x .

KGE takes values from −∞ to 1, with a value of 1
indicating perfect agreement between the model and
the observed values [64].

KGE was modified in [65]. Since the variability
and bias parameters can be mutually correlated, it

was proposed to use αmod =
σy/y
σx/x

= α
β instead of α.

Despite the existence of other KGE modifications,
such as nonparametric KGE [66], all of them share a
common property: nonzero values do not correspond
to a specific threshold value, that is viewed as a draw-
back by some authors [67]. In other words, negative
values do not always indicate poor model quality, and
positive values do not always indicate good quality,
so KGE values are meaningful only relative to each
other [67].

3.3.3. 98th percentile bias (P98). The 98th
percentile is a score below which 98% of scores in
its frequency distribution falls. These data can be
aggregated over the entire time interval for each grid
point, over the entire study area, etc.

In [18], it is asserted that the value of the 98th
percentile itself can be considered a quality metric.
Indeed, the 98th percentile is an important character-
istic for understanding and interpreting the distribu-
tion of a meteorological variable, especially the “tail”
of the distribution with extremely high values.

However, it is more appropriate, in our view, to
speak of the 98th percentile bias, which is the differ-
ence between the 98th percentile values of the same
variable between model results and actual data. This
metric, P98, is applied for weather downscaling to
determine how much the spectrum of high values of
the variable is shifted in different parts of the modeling
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area relative to the reference distribution of actual
data. For example, in [68–70], P98 evaluates statis-
tical downscaling models of temperature and precipi-
tation, and in [71], for downscaling wind fields.

3.3.4. Continuous ranked probability score
(CRPS). CRPS is one of the most widely used qual-
ity metrics for probabilistic or ensemble forecasts of
meteorological variables [72, 73]:

CRPS
(
{yi}e=1,..,E , xi

)

=

+∞∫

s=−∞

[Fi(s)− θ(s− xi)]
2 ds,

where {yi}e=1,..,E is the forecasted variable at point i
of the grid for E ensemble members, Fi is the cumu-
lative distribution function of the forecasted variable
at point i, and θ is the Heaviside function, acting
as the cumulative distribution function for the trivial
prediction equal to the actual value xi [73].

Several useful properties of CRPS follow from its
definition [72]. First, CRPS focuses on the entire
range of the specific parameter and is considered
as a ranked probability assessment with an infinite
number of classes, each of which has an infinitesi-
mally small width. Second, this metric is sensitive to
the entire continuous range of the variable and does
not require the introduction of predefined classes, on
which results could depend. Moreover, for determin-
istic forecasts, CRPS is equal to MAE and, therefore,
has an unambiguous physical interpretation.

CRPS accounts for both bias and uncertainty of
the forecast ensemble members. The minimum pos-
sible value CRPS = 0 corresponds to the ideal case
when all ensemble members are identical to the ob-
servation. Increasing CRPS corresponds to increases
in systematic error and forecast ensemble spread [73].

Examples of CRPS use are also in [74–76].
3.3.5. Fractions skill score (FSS). As noted in

[77], unlike classical metrics, which assess the match
between modeled and observed values at the same
point, there are metrics that evaluate the forecast
and/or observation in its vicinity, implying some data
processing within a sliding window. The examples
include calculating the mean value, the presence of a
phenomenon within the sliding window, the frequency
of the phenomenon in the window, the distribution of
values in the window, etc. [77].

One of the most common neighborhood quality
metrics is fractions skill score (FSS), initially devel-
oped for assessing precipitation modeling [52, 78–
80]. FSS does not require significant computational
costs [81]. FSS evaluates the fraction of grid cells
within a sliding window filled by the phenomenon in
the forecast field Py and the observation field Px. For

all positions of the sliding window, the root mean
square difference of fractions over all grid points is
calculated, divided by the worst possible forecast [77]:

FSS = 1−

N∑

i=1
(Py,i − Px,i)

2

∑N
i=1 Px,i

2 +
∑N

i=1 Py,i
2
.

One of the most important properties of FSS is
its ability to determine the spatial scale at which the
model can be considered to have acceptable quality
[52, 79, 80, 82] by adjusting the size of the sliding
window. Additionally, studies have shown that FSS
is related to the spatial displacement of precipitation
in the forecast, which partially mimics the visual as-
sessment of precipitation forecast quality and allows
easy interpretation of FSS value [78, 83].

A model is considered useful if FSS > FSSthr,
where the threshold value FSSthr =

1
2 (1 + f0) is de-

termined by the fraction f0 of grid cells with the
phenomenon in the entire forecast area [77]. An
ideal forecast has FSS = 1, while the worst modeling
scenario is FSS = 0 [84].

Although FSS is most commonly used to assess
precipitation modeling quality [85], it is also used
for other variables with small-scale features, such as
near-surface air temperature [86] and near-surface
wind [87].

3.3.6. Other complex metrics. In the scien-
tific literature dedicated to evaluating the quality of
results from various atmospheric models, there are
other metric, which are still of interest, while not so
widely used.

Relative operating characteristic skill score
(ROCSS) is a complex measure for classifiers and
represents a comparison of the hit rate and false alarm
rate [88]. ROCSS is often used to assess the quality
of probabilistic forecasts [88–91].

This metric ranges from –1 to 1. ROCSS = 1 in-
dicates perfect classification, ROCSS = 0 indicates
model quality equivalent to random guessing, and
ROCSS = −1 indicates completely incorrect classi-
fication [18].

In [92], the concept of an object-oriented measure
is presented, based on the identification of “objects”
and comparison of their attributes (e.g., intensity,
centroid positions) between model data and actual
observations. An important property of such mea-
sures is their flexibility concerning attributes inherent
to different “objects.” The authors consider spatial
and temporal coordinates to assess the accuracy of
modeling precipitation areas [92].

Despite the criticism of metrics based on extreme
event verification [45, 53], it is crucial to warn the
society about hazardous meteorological phenomena
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that can cause significant damage and loss. For such
extreme events, it is important to correctly assess the
quality of forecasting meteorological variables [44].

In the simplest approach, an extreme event is con-
sidered as a binary category in terms of its occur-
rence or nonoccurrence. The quality of deterministic
forecasts of such events is usually assessed using
traditional categorical scores for binary events [44].
However, these metrics tend to reach uninformative
limits of 0 or 1 for increasingly rare events [93].

In [93], a more sophisticated metric, extreme
dependency score (EDS), is proposed to assess the
quality of deterministic forecasting of rare binary
events. One advantage of EDS is its lack of explicit
dependence on the threshold selection for the occur-
rence of an extreme event [44].

The low frequency of extreme events creates cer-
tain challenges for quality assessment. Firstly, the
rarity of events can lead to significant sampling un-
certainty. This problem is partially resolved by aggre-
gating observations and forecasts into larger spatial-
temporal regions, but larger areas can also lead to
nonhomogeneity and nonstationarity [44]. Secondly,
the rarity of extreme events can result in small or
zero event counts when dividing events into classes.
Thirdly, with small sample sizes, outliers can sig-
nificantly influence the verification of extreme event
forecasts [44].

Therefore, to reduce the error in assessing extreme
events, it is proposed to use metrics in the approach
of probabilistic rather than deterministic fore-
casts [44, 94].

3.4. Metrics for Climate Models

Physics-based models are essential tools for as-
sessing changes in Earth’s climate system due to
external forces and internal variability [95]. Never-
theless, evaluating the effectiveness of these models is
challenging. Quality metrics for climate models stand
apart from the basic set of metrics discussed above.

Typically, climate models are assessed by compar-
ing hindcasts of past climate variables with historical
observations. However, development of these hind-
cast simulations is not always independent from the
tuning of parameters that govern unresolved physics
[95, 96].

Climate model projections are viewed as predic-
tions based on specific forcing scenarios. These pro-
jections represent potential future outcomes when re-
alistic scenarios are employed, and the actual forcings
are qualitatively similar to those projected. Compar-
ing model projections with observations serves as a
test of model skill, with successful projections en-
hancing confidence in future forecasting [95].

Efforts like the Coupled Model Intercomparison
Project (CMIP) aim to standardize climate model
experiments and gather simulation data for intercom-
parison and evaluation of climate models. CMIP
involves numerous global climate models, while qual-
ity metrics systematically quantify model biases and
behaviors against observations [97].

A diverse range of quality metrics has been es-
tablished to evaluate climate models [13, 97, 98].
While many metrics focus on quantifying model per-
formance for individual climate characteristics or pro-
cesses, some assessments adopt a broader perspec-
tive by combining multiple diagnostics into a single
performance index [97]. Despite the existing ad-
vancements, [99] emphasizes the need for a greater
variety of quality metrics, as well as the development
of an optimal suite from the existing metrics.

The most frequently used metrics for climate mod-
els are presented in Table 3 and will be discussed
below.

3.4.1. Pointwise climatologies. To evaluate the
performance of the global climate models, the gridded
model outputs are usually used as historical simulated
data to compare with the historical observed data.
The observed data can be either gridded, or station-
based [100].

Annual pointwise climatologies are calculated for
each gridded dataset. They can be presented in two
formats: as deviations from station data and as devi-
ations from the average of the gridded datasets [101].

3.4.1.1. Average Tmax and Tmin. The 2-meter
temperature is a key variable for analyzing both cur-
rent climate conditions and climate change. Numer-
ous studies, evaluated in Intergovernmental Panel
on Climate Change (IPCC) reports, have compared
this variable with observational data [102]. While
global mean surface temperature changes serve as a
valuable indicator of climate change and variability,
examining mean daily minimum (Tmin) and maximum
(Tmax) temperatures provides a more comprehensive
understanding [103]. Moreover, many climate change
impacts are more directly associated with fluctuations
in Tmin and Tmax than with extreme weather events.
For instance, growing degree days and accumulated
chill hours used in predictive models for crop devel-
opment are affected differently by Tmin and Tmax. Ad-
ditionally, variations in evapotranspiration and pho-
tosynthetic rates are more likely to be influenced by
Tmax rather than Tmin [104].

To compute these climatologies, for each model
and observed data, Tmax and Tmin are averaged
monthly or seasonally [104]. The resulting bias in
Tmax and Tmin is computed as the difference between
the downscaled and the observed mean values [105].
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Table 3. Principal metrics for climate models

Name Designation Range Ideal value

Average Tmax and Tmin ΔTmax, ΔTmin (−∞; +∞) 0

Diurnal temperature range ΔDTR (−∞; +∞) 0

Linear trend (−∞; +∞) 0

Variability (−∞; +∞) 0

Probability density function (PDF) skill score Sscore [0; 1] 1

Cramér–von Mises score CvM [0; +∞) 0

Regime-oriented metrics Tbias, Pbias (−∞; +∞) 0

Heat wave magnitude index daily ΔHWMId (−∞; +∞) 0

Warm spell duration index ΔWSDI (−∞; +∞) 0

3.4.1.2. Diurnal temperature range (DTR). The
studies have shown [104] that for most locations,
average changes in Tmin across the models differ from
associated changes in Tmax. As a result, the average
diurnal temperature range (DTR = Tmax − Tmin) is
used as a metric indicating the quality of climate
modeling.

In [103], the authors indicate that utilizing a col-
lection of diverse climate indices, which are inde-
pendent of internal climate variability and exhibit a
consistent reaction to greenhouse forcing, can en-
hance the detection of climate change. Furthermore,
additional indices, such as DTR, can be beneficial in
establishing a distinct signature of observed climate
change that is less prone to uniform responses from
various radiative forcing mechanisms.

Global DTR over land is proposed as a potential
index of radiative-forced climate change, offering in-
sights that are distinct from those provided by global
mean temperature [103].

DTR arises from the intricate interactions among
various processes, including those involving the land
surface, atmospheric boundary layer, cloud forma-
tions, radiative effects of aerosols, and the general
atmospheric circulation. Nevertheless, the interac-
tions between clouds and aerosols remain a signifi-
cant challenge for climate models, complicating the
accurate simulation of DTR [102].

3.4.1.3. Linear trend. One more example of the
pointwise climatologies is linear trend. Climate mod-
els should be adept at capturing forced trends when
these are present in the boundary conditions driving
the models. However, the exclusion or incorrect
representation of potential local to regional forcings,
such as aerosols or land-use changes, may impede
this capability. Given that changes in local or regional

forcings are crucial for future regional climate projec-
tions, this aspect is evaluated by comparing model-
derived trends with corresponding observational data
[106]. This metric assesses the model skill in replicat-
ing observed trends across all seasons and for annual
averages.

Linear trends are calculated for each grid cell by
applying least squares linear regression to the com-
plete series of data, e.g., for monthly anomalies. The
goal of this analysis is also to underscore discrep-
ancies in trends among the observed and modeled
datasets. Significant differences depend on how each
dataset addresses data inhomogeneities [101].

One significant limitation is that linear trends may
not adequately capture nonlinear changes or abrupt
shifts in climate data, which can lead to misleading
interpretations. Additionally, linear trend analysis
assumes that the relationship between time and the
climate variable is constant, which may not hold true
in the presence of external factors or climate vari-
ability. Furthermore, the presence of outliers can
significantly affect the results, potentially skewing the
trend estimation.

3.4.1.4. Variability. Temporal variability is a
crucial aspect of climate, encompassing systematic
changes like the annual cycle, along with residual
temporal fluctuations including short-term varia-
tions, episodic events, and variability that spans from
interannual to long-term trends [107].

To assess data variability, the standard deviation
of the complete series of modeled data is calculated
for each grid cell. Similarly, variability is determined
for station data by utilizing all available series of data.
To further explore spatial covariability, empirical or-
thogonal function (EOF) analysis can be conducted
on the entire sequence of data. EOFs, which depict
spatial patterns, capture the main modes of spatial
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covariability within the domain. The associated prin-
cipal components (PCs) are time series that reflect
the temporal scaling of these patterns. For variability
metrics, a comparison is made between the three
leading EOFs and their respective principal compo-
nents [101].

3.4.1.5. Probability density function (PDF)
skill score. In global climate model projections, such
variables as precipitation often spread over too many
days with small amounts, leading to an underestima-
tion of dry days and extreme precipitation events. The
metrics estimating the frequency of different event
types under climate change scenarios are crucial for
understanding climate shifts [108, 109]. PDF skill
score evaluates the resemblance between two prob-
ability density functions. It does so by determining
the minimum value between observed and modeled
counts within each histogram bin, thereby quantify-
ing the shared area within the distributions [109]:

Sscore =
N∑

i=1

min (Zm,i, Zo,i),

where Sscore is PDF skill score, Zm,i and Zo,i are
the frequency of modeled and observed values in a
ith bin, respectively, and N is the number of bins
used to calculate PDF. PDF skill score provides an
easily-interpretable score for the similarity between
the observed and downscaled distribution of values
[109].

PDF score is calculated for each individual grid
cell. PDF scores close to 0 indicate negligible overlap
between the reference and the model, and score close
to 1 indicates two identical PDFs.

Evaluating a climate model using PDF score offers
a significant advantage. If a model can accurately
simulate an entire PDF, it demonstrates its ability
to replicate rare values that may become more com-
mon in the future. When the distribution of val-
ues shifts due to climate change, there will likely be
considerable overlap between the current and future
distributions. Confidence in the model projections
diminishes as the overlap between present and future
PDFs decreases over time. However, until this over-
lap becomes critically small, a model can be used to
simulate the entire PDF of a set of variables as a crite-
rion for future impacts assessments. Demonstrating
skill in simulating whole PDFs is a more rigorous test
of a model compared to reproducing just the mean and
the standard deviation [110].

A PDF-based assessment is not without limita-
tions. It does not assess crucial aspects of model per-
formance, such as periods of sustained high temper-
atures or heavy rainfall represented by indices [111].
Additionally, the importance of a model’s failure to
simulate rare events diminishes as the frequency of

these events decreases in both the model and ob-
served data. Despite these limitations, a PDF-based
evaluation of a climate model could effectively replace
traditional mean performance evaluations [110].

3.4.2. Cramér–von Mises score. In [112], there
was introduced a novel scheme based on a non-
parametric statistical test that enables the quan-
tification of differences between two distributions
along with their statistical significance. Discrep-
ancies between two distributions can be measured
using quadratic statistics, which are less sensitive to
singular or outlier values, such as the Cramér–von
Mises (CvM) criterion [113]:

CvM =

+∞∫

−∞

[Fn(x)− F (x, θ)]2 dF (x),

where F (θ) is the fitted distribution function and
Fn(x) is an empirical distribution function of sample
size n [112].

CvM metrics is a measure of the mean squared
difference between the empirical and hypothetical cu-
mulative distribution functions. Small values of the
CvM statistic indicate a small distance between the
two distributions [112, 114].

In climate modeling, CvM statistic serves as a
valuable metric for comparing the distributions sim-
ulated by models with observed distributions. CvM
statistic can be employed, for example, to assess
the differences between observed and modeled ex-
treme precipitation distributions across various sta-
tions [112].

This simple metric neglects a potential spatial au-
tocorrelation of the test statistic and does not consider
field significance [115].

3.4.3. Process-based metrics. The authors of
[116] call to an attempt to disentangle the eventual
dependency of model performances on the main at-
mospheric circulations and processes, from large-
scale to local scale. They also claim the need for
process-based model evaluations, which allow for a
better understanding of model errors and their cause.

3.4.3.1. Regime-oriented approach. In the pro-
posed “regime-oriented” approach [116], model re-
sults are averaged within categories that describe
physically distinct regimes of the system, such as
circulation regimes and thermodynamic states, rather
than being averaged over space or time (e.g., global
averages or yearly mean values) as for pointwise cli-
matic metrics.

In [116], the authors propose a number of the
atmospheric regimes, from large- to local-scale, suit-
able for process-oriented metrics. Large-scale circu-
lation patterns in the North Atlantic/Eurasian region
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significantly influence regional atmospheric variabil-
ity, with the North Atlantic Oscillation (NAO) and
atmospheric blocking being prime examples. NAO,
the most prominent atmospheric variability pattern in
the Northern Hemisphere’s mid and high latitudes,
strongly affects the European climate. Atmospheric
blocking occurs when the westerly flow in midlati-
tudes is obstructed or redirected northward by a high-
pressure system, lasting from several days to weeks.
Blocking has been closely studied due to its impact
on local weather, being linked to cold extremes in
winter and hot extremes in summer, such as the 2010
Russian heat wave.

The example of the regional/local-scale atmo-
spheric regime is the bora wind [116], a gusty downs-
lope flow characterized by its variability due to geo-
graphical location and coastal topography. The wind
speed of the bora varies spatially due to the formation
of alternating jets and wakes linked to mountain gaps,
affecting the duration and intensity of the wind.

The important step of the process-oriented metric
is detecting a phenomenon. To analyze each of the at-
mospheric circulation phenomena mentioned, a time
series categorizes days as either event or non-event
days. For the continuous NAO index, thresholds are
applied to generate this binary classification. This
allows to estimate the sensitivity of local weather to
specific atmospheric circulations for various meteo-
rological variables. For temperature, this sensitivity
is measured seasonally by comparing the temperature
differences between composites of event days (1) and
nonevent days (0) for modeled (mod) and observed
(obs) data [116]:

Tbias =
(
Tmod,1 − Tmod,0

)
−

(
Tobs,1 − Tobs,0

)
.

Similarly, for precipitation, sensitivity is deter-
mined by calculating the ratio of precipitation on
event days to that on nonevent days [116]:

Pbias =
Pmod,1

Pmod,0
− Pobs,1

Pobs,0
.

Small values of bias, close to 0, indicate high
process-oriented quality of the climate model.

3.4.3.2. Extreme events. Heat waves signifi-
cantly impact society, agriculture, and the environ-
ment, making them critical extreme climate events.
The authors of [117] conduct a comprehensive analy-
sis of future heat waves based on simulations. There
is plenty of specific definitions with slight differences
for thresholds or number of consecutive days for heat
waves. Various definitions of heat waves provide
insights into different aspects of their characteristics,
such as length (number of days), event frequency (dif-
ferentiating between multiple short events and fewer

lengthy ones with the same total duration), magni-
tude (total temperature exceedance), and peak tem-
perature during the event. A comprehensive definition
of heat waves must encompass both intensity and
duration [117]. Commonly utilized indices for mea-
suring these aspects include the Heat Wave Magni-
tude Index daily (HWMId) for intensity [118] and the
Warm Spell Duration Index WSDI for duration [119].

HWMId is a dimensionless measure designed to
account for both the duration and intensity of heat
waves. It represents the maximum magnitude of
heat waves occurring within a year. A heat wave is
identified by the presence of at least three consecutive
days where the daily maximum temperature exceeds
the 90th percentile for that period, calculated over a
31-day window based on the reference period. The
maximum magnitude is determined by summing the
daily magnitudes of all the days that constitute the
heat wave [117, 118].

WSDI is defined as the number of days per year
with at least 6 consecutive days in which the maxi-
mum daily temperature is higher than the 90th per-
centile of the maximum daily temperature in a 5 days
moving window during the reference period. This
index solely accounts for the duration of heat waves,
meaning that two heat waves of identical length are
regarded as equally severe, even if their temperature
exceedances relative to the reference period vary [117,
119].

The WSDI and HWMId indices are valuable tools
for analyzing and characterizing extreme heat events,
showing both consistent patterns and notable differ-
ences in their spatial distribution and temporal evolu-
tion [117]. It is suggested to employ multiple indices
to capture the full scope of heat wave characteristics,
including duration, magnitude, and intensity.

3.4.4. Climate change indices. Climate in-
dices are characterized as a collection of relationships
among various hydrometeorological variables, struc-
tured to evaluate their influence on potential climate
change and to articulate its effects. These parameters
may include aspects such as the frequency, inten-
sity, or magnitude of precipitation and temperature
extremes assessed on a monthly, seasonal, or annual
basis, along with projections for future scenarios and
their implications for climate change. Such indices
serve to distill the complexities of climate change
impacts into a more clear and measurable format,
thereby enhancing comprehension for research com-
munities across different sectors that are directly af-
fected by these changes [120].

The World Meteorological Organization (WMO)
Commission for Climatology, through its World Cli-
mate Research Programme (WCRP) project focused
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on climate variability (CLIVAR), established an Ex-
pert Team on Climate Change, Detection, Monitor-
ing and Indices (ETCCDMI). This team developed
a fundamental set of twenty-seven indices based on
daily maximum and minimum temperatures, as well
as precipitation. Among the twenty-seven indices,
sixteen pertain to temperature, while eleven are re-
lated to precipitation. These indices can be catego-
rized into several types, including absolute, threshold,
duration, and percentile indices, along with others
that do not conform to these classifications [120].

4. CONCLUSIONS
In this paper, we have provided an overview of the

current state of research on quality metrics in atmo-
spheric tasks. An analysis of the existing scientific
literature has shown a significant predominance of the
“big three” classical metrics—bias, root mean square
error, and correlation coefficient. Despite the univer-
sality of application to grid data, these metrics, like
other pointwise methods, have a number of significant
drawbacks, including the inability to isolate the qual-
ity of reproduction of the internal spatial correlation of
fields and sensitivity to shifts in inhomogeneities. In
addition to the study of classical metrics, we expanded
our work with various complex metrics focused on
different aspects of modeling.

The shortcomings of classical metrics allowed us
to identify some general trends in the development
of quality metrics. For example, among complex
metrics, we devoted special attention to methods that
take into account the spatial structure and inho-
mogeneities of meteorological fields, as well as data
statistics. We also noted the importance of the emer-
gence of new metrics that consider data using sliding
windows; the development of methods for probabilis-
tic assessment of the quality of ensemble forecasts;
overcoming the problems inherent in extreme event
metrics; and the development of algorithms for identi-
fying scientifically important “objects” in spatial fields
to create object-oriented metrics. Thus, we believe
that all of the existing trends described in the field of
quality metrics research are also directions for further
research and development of new methods to move
away from the widespread use of classical metrics
and toward more complex metrics specific to various
atmospheric problems.

As physics-based models are vital for assessing
changes in Earth’s climate system, evaluating their
effectiveness is also challenging due to the distinct
quality metrics used. Models are typically assessed
by comparing hindcasts of past climate variables with
historical observations, although this may involve pa-
rameter tuning. Climate projections, based on spe-
cific forcing scenarios, are compared with observa-
tions to test model skill and enhance confidence in

future forecasts. Initiatives like the Coupled Model
Intercomparison Project (CMIP) standardize experi-
ments and collect data for evaluation. Various quality
metrics exist to assess model performance, but a
broader range and an optimal suite of these metrics
are necessary.

In conclusion, the need for developing more di-
verse metrics for effective evaluation of climate and
weather models is still in the centre of scientific in-
terest.
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