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Abstract. Developing and evaluating spatial efficiency metrics is essential for assessing how well climate or other models of
the Earth’s system reproduce the observed patterns of variables like precipitation, temperature, atmospheric pollutants, and
other environmental data presented in a gridded format. In this study, we propose a new metric, the Modified Spatial Effi-
ciency (MSPAEF), designed to overcome limitations identified in existing metrics, such as the Spatial Efficiency (SPAEF),
the Wasserstein Spatial Efficiency (WSPAEF), or the Spatial Pattern Efficiency metric (E;),). The performance of MSPAEF is
systematically compared to these metrics across a range of synthetic data scenarios characterized by varying spatial correlation
coefficients, biases, and standard deviation ratios. Results demonstrate that MSPAEF consistently provides robust and intuitive
performance, accurately capturing spatial patterns under diverse conditions. Additionally, two realistic but synthetic case stud-
ies are presented to further evaluate the practical applicability of the metrics. In both examples, MSPAEF delivers results that
align with intuitive expectations, while the other metrics exhibit limitations in identifying specific features in at least one case.
Finally, as a real-world application, we rank global Coupled Model Intercomparison Project phase 6 (CMIP6) model data ac-
cording to their skill in representing precipitation and temperature using the four different metrics. This application highlights
that the MSPAEF rankings are most similar with F,, with a normalized absolute ranking difference of 2.8 for precipitation,
and 3.8 for temperature. These findings highlight the added value of the MSPAEF metric in evaluating spatial distributions and

its potential to be used in climate or other environmental model evaluation or inter-comparison exercises.

1 Introduction

An accurate and comprehensive evaluation of climate models is crucial for understanding their limitations, enhancing the
representation of processes, and distilling the most credible information on regional climate changes, impacts, and risks (Eyring
et al., 2019). Climate models and their output are essential tools for scientists, practitioners and policymakers. However, before
any application, it is important to use robust validation metrics to assess their performance and accuracy (Wagener et al.,
2022). Traditional evaluation methods often emphasize temporal correlations or mean biases, while they often overlook crucial
spatial patterns that significantly affect the model performance assessment. Capturing these spatial distributions is particularly
important for environmental variables like precipitation and temperature, as the spatial variation greatly influences regional

processes and subsequent applications, such as impact assessments (Citrini et al., 2024; Ramirez-Villegas et al., 2013).
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Many studies focus their evaluation of climate models on more simple metrics such as the Normalized Mean Square Error
(NMSE) (Simpson et al., 2020), Bias (Mehran et al., 2014; Su et al., 2013), the Root Mean Square Error (RMSE) (Sillmann
et al., 2013; Kamworapan and Surussavadee, 2019; Srivastava et al., 2020; Li et al., 2021; Nishant et al., 2022; Kim et al.,
2020b), the Mean Absolute Error or Deviation (MAE or MAD) (Zittis and Hadjinicolaou, 2017; Lovino et al., 2018), the
Relative Error (RE) (Kim et al., 2020a), or the Skill Score (Srivastava et al., 2020). For instance, for the evaluation and inter-
comparison of downscaling approaches for climate models, Maraun et al. (2015) used a variety of metrics such as the Relative
Error (RE) for the spatial evaluation of different downscaling methodologies, while for the temporal evaluation, performance
indicators such as the mean square error (MSE), the correlation coefficient, the bias and Relative Error were used. A different
concept was introduced by Brands et al. (2011) who evaluated global General Circulation Models (GCMs) using the overlap
of the Probability Density function of the time series for each grid box between the model and the observational dataset.
The Kolmogorov-Smirnov test (KS test) is another metric that was used for the evaluation of models contributing to the
Coupled Model Inter-comparison Project (CMIP) (Brands et al., 2013). Kotlarski et al. (2014) evaluated a large ensemble of
Regional Climate Models (RCM) contributing to the EURO-CORDEX initiative using a multitude of metrics, including spatial
efficiency ones. This selection includes the spatial pattern correlation coefficient of time-averaged values (PACO), and the ratio
of the spatial standard deviation (RSV) of time-averaged values between the model and the reference dataset. The Pearson
Correlation Coefficient can also be used in the time series of seasonal means of a variable of each grid-box of the data, to
assess how well a climate model represents the local location representativeness (Maraun and Widmann, 2015). While these
metrics may perform well for certain applications, their effectiveness can vary significantly when applied to parameters with
inhomogeneous spatiotemporal distribution or differing statistical properties. Such inconsistencies can introduce challenges in
conducting a comprehensive evaluation of different climate model outputs.

Compound metrics that integrate several simpler approaches have been developed to assess the performance of geoscientific
models more accurately. A commonly used goodness-of-fit indicator is the Kling-Gupta Efficiency (KGE), which is a robust
compound metric, commonly used in hydrological sciences for comparing simulations to observations (Gupta et al., 2009;
Deepthi and Sivakumar, 2022; Zittis et al., 2017). The SPAtial EFficiency metric (SPAEF) was inspired by KGE (Koch et al.,
2018) and has emerged as a promising tool for evaluating hydrological models by considering three key aspects of spatial
pattern accuracy: correlation coefficient, relative variability, and distribution of values in standardized space. This metric has
also been applied to climate model evaluation, for the ranking of the performance of precipitation and temperature of dif-
ferent climate models (Lei et al., 2023; Deepthi and Sivakumar, 2022; Ahmed et al., 2019; Verma et al., 2023), as well as
for the evaluation of precipitation in reanalyses datasets (Gomis-Cebolla et al., 2023). SPAEF combines various elements,
equally weighted, into a single metric, offering a more comprehensive assessment of spatial distribution compared to tradi-
tional methods like mean-squared error or correlation alone. While SPAEF can be useful for evaluating climate models, it has
some limitations, for example, it is insensitive to the magnitude of biases. Although this feature can be advantageous in certain
contexts, an assessment of biases is crucial for a complete evaluation of a model and should be taken into account.

An existing modification and improvement of SPAEF is the Wasserstein SPAEF (WSPAEF) (G6émez et al., 2024). Unlike the

original version, WSPAEF is sensitive to model biases. However, its sensitivity is based on the absolute magnitude of the bias,
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making it inherently dependent on the units of the variable used. This means that the metric’s response to bias may vary across
different variables or datasets with different scales, which should be considered when interpreting results. Another common
limitation shared by both approaches is that two out of their three components—the standard deviation and differences in
histogram values for SPAEF and the standard deviation and Wasserstein distance for WSPAEF—primarily describe the overall
distribution of the parameter under evaluation rather than its spatial structure. This leaves only one component that evaluates
the model variable based on the pattern of the variable, which is the spatial correlation coefficient.

Another indicator that was inspired by SPAEF is the Spatial Pattern Efficiency Metric (£,) (Dembélé et al., 2020). This
metric, like SPAEEF, is bias-insensitive, and focuses on the spatial distribution of the patterns of a variable. This metric has been
used to evaluate the spatial patterns of the hydrological processes in gridded precipitation datasets (Dembele et al., 2020).

Here, in response to the need for a comprehensive and multi-faceted evaluation of climate and other earth system models,
we propose a new metric. This is based on a modification of SPAEF and is designed to more precisely capture the spatial
distribution characteristics of climate model output. This new approach addresses certain limitations of existing metrics by
incorporating spatial components that improve sensitivity to the spatial distribution and the relative bias of the variable under
evaluation. We apply this new metric to synthetic datasets that imitate statistical properties and possible distributions of two
types of climate variables, demonstrating its ability to offer improved insight into the spatial fidelity of model outputs. Through
this work, we aim to provide the climate modeling community with a refined tool for assessing spatial distribution accuracy,
contributing to more reliable model evaluations, improved climate model development, and, ultimately, more accurate pro-
jections. The proposed approach holds significant potential for applications in other scientific fields, including hydrology and

environmental sciences.

2 Data and Methods
2.1 Metrics

This study focuses on compound metrics specifically designed for the spatial evaluation of climate or other environmental
parameters. The four metrics evaluated and inter-compared in this work are presented below.

SPAEF metric

The SPAEF (SPAtial EFficiency) metric by Koch et al. (2018) is a robust metric that was originally created for hydrological
model evaluation, and it is used to characterize the performance of a model regarding the spatial distribution of a variable. It is
defined as:

SPAEF =1—/(a—124 (B—12+ (v —1)2 M
with:

(Z2L) > i min(Kj, Lj)
=p(M,0) , B=- LM d 7=+ ’
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where p is the spatial correlation coefficient between the points of the model and the observations, o and y are the standard
deviation and mean value for each of the model and observation, K and L are the probability distributions of the standardized
values (z-score) of the model and observations respectively, and + is the histogram overlap of the standardized values of the
two datasets. This metric is bias-insensitive since none of its three terms are affected by present bias, and therefore the final
metric conveys only the similarity in the patterns between the model and the observations. The SPAEF metric takes values
from —oo to 1, with 1 indicating an excellent agreement of the model with the observations.

The Spatial Pattern Efficiency Metric ()

The E,, metric by Dembél€ et al. (2020) was designed to be a simple and robust metric for hydrological model evaluation,

and it is defined as:

Ey=1- D24 (- 1P+ (-1 ©
with:
65" d? (725)
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)

where r; is the Spearman rank-order correlation coefficient, o and p are the standard deviation and mean value for each of

"

Q

the model and observation, Z; and Zp are the standardized values (z-score) of the model and observations respectively, and
FEras is the root mean square error of the standardized values. A benefit of this metric is that it does not require any user-
defined parameters, such as the bins of the histograms, and that two of the three components take into account the spatial
distribution of the variable. It takes values between —oo and 1, with 1 indicating excellent performance of the model.
WSPAEF Metric
An relatively newly developed modification of the SPAEF is the Wasserstein Spatial Efficiency (WSPAEF) by Gémez et al.
(2024) and is defined as:

WSPAEF = /(o —1)2+ (0 —1)2 + (¢)? 6))

with:

a=p(M,0) , o="2 and ¢=WD=(3|Ki— L") ©)
(fe]

where p is the spatial correlation coefficient between the points of the model and the observations, o is the standard deviation
for each of the model and observation, K and L are the probability distributions of the model and observations respectively,
and WD is the Wasserstein Distance, of order p = 2. WD was calculated using the original distributions of the two datasets,
to explicitly account for the bias. This modification of SPAEF is sensitive to bias since the Wasserstein distance term is a
measure of the minimum required effort that is needed to change the histogram of one dataset to match the histogram of the
other dataset. It takes values from O to oo, with values approaching zero indicating excellent agreement of the model with the
observations.

MSPAEF Metric
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According to these definitions, some limitations can be introduced when using the three previous metrics. For instance,
SPAEF and WSPAEF only include one component that considers the spatial distribution of the variable’s values, which is the
correlation coefficient in the space domain, while their other two components take into consideration the overall distribution of
the parameter. Furthermore, SPAEF and Ej,, are bias-insensitive metrics. While this characteristic may be beneficial in certain
contexts, it is not ideal for a comprehensive assessment of climate models, where capturing both spatial patterns and biases is
essential for a thorough evaluation. In addition, all three of them are scale-dependent, meaning that their values change based
on the units of the input variable.

Therefore, we propose a new metric, on the basis of SPAEF that is bias-sensitive, but at the same time scale-independent.
This metric conveys information not only about the spatial patterns but also the biases, like the WSPAEF. This is desired
because, for a more complete evaluation of the spatial characteristics of a modeled parameter, both the pattern information,
and the bias are essential. This metric, like SPAEF and Ej,,, takes values from negative infinity to 1, with 1 indicating a perfect

agreement of the model compared to the observations. The proposed modification to the SPAEF is the following:

MSPAEF =1-—=/fa=17+ (3P + ()P + (7 -
with:
M-0 2_1
O‘:p(MvO) ) ﬁ:NRMSE ) 7:|IC2]_20| ) 5:\/(02_1)2+(002 )2 (8)
also:
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NRMSE_IQRO - and U‘E ©)]

where p is the spatial correlation coefficient between the grid cells of the model and the observations, NRM SFE is the Root
Mean Square Error calculated with the original data and normalized with the inter-quartile range of the observational data
(IQRo), while 0o and o) are the standard deviations of the observations, and the model respectively.

This modification of the SPAEF metric is sensitive to the relative value of bias, while at the same time capturing the spatial
pattern differences. The first two terms capture the spatial agreement between the model and observations, with « representing
the correlation coefficient and 3 incorporating the normalized RMSE (NRMSE). The third and fourth terms provide additional
insights into distributional differences, with v accounting for the relative bias and § capturing differences in variability. The
sensitivity of the metric to the relative bias is attributable to the 3 and  terms. This formulation ensures that the metric
simultaneously evaluates spatial agreement, relative bias magnitude, and distributional characteristics.

Specifically, the correlation coefficient (« term) ensures that the metric reflects the spatial agreement between model output
and observations. The normalized RMSE (0 term) is computed using the interquartile range (IQR) of the observations rather
than the standard deviation, as IQR provides a more robust measure of variability. This term captures both spatial pattern agree-
ment and bias, behaving differently depending on the magnitude of bias. When bias is small, it emphasizes spatial differences,
whereas, in cases of large bias, it is primarily driven by magnitude differences. The relative bias term (7 term) is also normal-

ized by the interquartile range of the observations and is introduced to explicitly quantify systematic differences in the mean.
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Finally, the  term accounts for differences in the spread of values by incorporating the standard deviation ratio between the
model and observations. This final term comprises two components to ensure symmetry around a value of 1, thereby ensuring
the same result regardless of whether the standard deviation ratio or its reciprocal is applied.

An advantage of MSPAEF over SPAEF is that its definition does not rely on user-defined parameters. The MSPAEF metric
is formulated without such arbitrary choices, unlike SPAEF, which requires user-specified bins for the histogram overlap term.
This makes it more objective and consistent across different datasets, reducing the influence of subjective parameter selection

on the results.
2.2 Synthetic Data generation

For the development of MSPAEF and the comparison with existing metrics we used a methodology inspired by Gémez et al.
(2024). This approach uses synthetic data for both the observations and the model, in order to identify the behavior of the
metrics for a variety of predefined combinations of correlation, bias and standard deviation ratio between the two sets of data.

A 10x10 matrix of random data that incorporates some spatial correlation between the different grid points was created using
a covariance model. To achieve that, a distance matrix was first created for the specific grid size, which holds the Euclidean
distance of all possible pairs of points. Then, the covariance matrix was calculated using this distance matrix and the Mattern

covariance function:

2l-v g
M,(r)= () * Z * Ky (rs) (10)
with:

=10 , v=15 |, F(v):/t”_le_tdt and Ts=V2xv*r an
0

where v is the smoothing parameter,  is the distance matrix, r, is the scaled distance matrix, [, is a scaling factor, I'(v) is the
gamma function and K, is the modified Bessel function of the second kind.

To create the synthetic field with prescribed properties such as a specific standard deviation and mean value, the multivariate
normal function was used. This function requires two inputs: a mean vector y that specifies the expected value for each point
on the grid and a covariance matrix X encoding the relationships (e.g., variances and covariances) between the values at all
pairs of points on the grid. For the mean vector, a vector that holds the target mean values was created. As a covariance matrix

input, the following matrix was used in order to achieve the desired standard deviation:

C=(Z)2%M,(r) (12)
oM

with

— M (13)

where o is the target standard deviation, M, (r) is the Mattern Covariance function calculated above and d is the number of

spatial points. The output of the multivariate normal function represents the spatial distribution of the observational dataset.
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2.3 Correlated data generation

A second gridded dataset was then created with some correlation, standard deviation ratio and bias target compared to the first

grid, to simulate the spatial distribution of the model dataset, using the following equation:

y:)\t*(pt*(gc—x)—l—\/l—p?*A*aw)+x—|—6t (14)

where )\, is the standard deviation ratio target, p; is the correlation coefficient target, d; is the bias target, x is the original
matrix, T is the mean value of the original matrix x, o, is the standard deviation of the original matrix = and A is a matrix of

the same dimensions as x, filled with random numbers drawn from the normal distribution.
2.4 Skewed data generation

The above data are meant to represent climate variables that have a normal distribution since the random data used follow a
normal distribution. To simulate skewed distributions, the normally distributed observational values were transformed using
exponentiation. A corresponding model dataset was generated by first establishing a specific correlation and standard devia-
tion ratio between the underlying normally distributed values, and then introducing the desired bias after the exponentiation
transformation was applied to both datasets. A limitation of this approach is that even though the target correlation coefficient
is generally well-preserved through the exponentiation, the target standard deviation ratio and bias are not directly translated
to the skewed data. Nevertheless, relative changes in the target standard deviation ratio and bias are reflected in the resulting
skewed data.

Using the original observational grid defined above, the skewed observations and model grids are defined as:

T, =e'rm
- (15)
s = e)\t*(ﬂt*(xrm,)"rm*A*Um) +5t
with:
Trm =T —T (16)

where z is the original matrix, x,, is the the original matrix after removing the mean, )\; is the standard deviation ratio target,
py is the correlation coefficient target, d; is the bias target, o, is the standard deviation of the original matrix = and A is a matrix
of the same dimensions as X, filled with random numbers drawn from the normal distribution.

The four metrics were calculated for many combinations of bias, standard deviation ratio and correlation, for both the normal
and skewed distribution cases. For each combination of the aforementioned parameters, the procedure was repeated 200 times,
and the median of the values of each metric was used. To facilitate an easier comparison of the performance of the metrics,
these were modified slightly so that they take values equal to or greater than zero, with zero indicating perfect agreement with
the observations.

In these adjusted conditions, where zero indicates a perfect match with the observations, a well-behaved metric is expected

to show decreasing values as the correlation coefficient increases and the bias decreases. In the A-§ plots, this is reflected as the
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curves shifting at lower coordinates values as one moves towards the right and upward parts of the subplots (e.g., in Figures 2
to 5). Additionally, the lowest metric value for any combination of correlation and bias is anticipated at a standard deviation
ratio of 1. This is reflected in the curve minimum being at a standard deviation ratio of 1 for each subplot, with metric values

increasing as the standard deviation ratio deviates from 1.
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Figure 1. Examples of metric behaviour curves for a given value of correlation and bias. Black curves indicate a well-behaved metric, while
the blue curves indicate a poorly behaving metric. In the figure, ) is the standard deviation ratio target between the model and the observations

dataset.

In the examples of Fig. 1, the black curves indicate well-behaving metrics, since for all of them, the minimum values are
found at A of 1, and the values increase monotonically as the standard deviation ratio deviates from 1, even though some of the
curves are not perfectly symmetric. The blue curves indicate poorly behaving metrics because, for curve e, the minimum value
is not found at a standard deviation ratio of 1, while for curve d, the curve does not monotonically increase to the left side of

the minimum.
2.5 Real climate data

The sixth phase of the Coupled Model Intercomparison Project (CMIP6) is the latest iteration of CMIP, designed to improve
understanding of past, present, and future climate change driven by greenhouse gas emissions. Numerous research institutions
worldwide contributed their climate models, following standardized protocols for radiative forcing and data formatting. CMIP6
models have generally shown improved performance in simulating various climate fields compared to previous CMIP gener-

ations (Li et al., 2020). They also exhibit reduced biases in tropical regions, such as the double ITCZ bias (Tian and Dong,
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2020). In this study, 33 CMIP6 models were evaluated against the ERAS reanalysis dataset (Hersbach et al., 2020). For each
model, the ensemble mean of all available variants was used, for precipitation and 2-meter temperature during the historical
period from 1981 to 2010. The CMIP6 models and the ERAS dataset were remapped to 1-degree resolution using linear inter-
polation for the temperature variable and first-order conservative interpolation for the precipitation variable. For precipitation,
the mean annual total in millimeters was calculated over the period, while for temperature, the mean annual value in Kelvin

was computed.

3 Results and Discussion

In Sect. 3.1 and 3.2, the MSPAEF, SPAEF and E,, metrics were modified slightly so that their best performance is indicated
at the zero value, like in the WSPAEF metric, for easier inter-comparison of their performance. Contrariwise, in Sect. 3.3, all

metrics were applied in their original form.
3.1 Metrics Behavior

For each of the four metrics examined, we calculated its value for a range of values of spatial correlation coefficient, bias
and standard deviation ratio between the observational data and the model. The following plots show the behavior of the four
metrics following the logic presented in Fig. 1, using a mean of 10 and a standard deviation of 1 for the observational data.
For the SPAEF metric (Fig. 2), the values generally decrease with increasing correlation, which is the expected behavior
of a well-defined spatial efficiency metric. In addition, a good behavior is observed for each curve in the cases where there
is no bias present, as the minimum of the curves in these cases is found at standard deviation ratios of 1. Nevertheless, as
the bias increases (6 = 1.0,3.0), the minimum of the curves generally shifts to values of a standard deviation ratio greater
than 1. Specifically, for the skewed distributed variable, it moves for both cases where there is a bias present, while for the
normally distributed variable, the shift of the minimum to standard deviation ratios values greater than 1 is observed only for
the cases of a large bias (§ = 3.0), with the shift of the normally distributed cases being more perceivable with a high correlation
coefficient (p = 0.9). This indicates that the metric does not perform as intended in larger biases, especially in the case of a
high correlation coefficient, where this shift of the minimum is more evident. In addition, the increasing bias does not directly

affect the magnitude of the SPAEF values, highlighting that this metric is bias-insensitive.
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SPAEF Behavior
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Figure 2. SPAEF metric behavior (A is the standard deviation ratio target, p is the correlation target and ¢ is the bias target between the model

and the observation dataset).

The behavior of the Spatial Pattern Efficiency Metric (E,) (Fig. 3) is very similar to that of SPAEF. There is good per-
formance in the case of no bias, across the values of the correlation coefficient, but it performs worse as the bias increases,
especially for the case of a high correlation coefficient (p = 0.9), as the minimum of the curves shifts to standard deviation
values greater than 1. Specifically, for the cases of a small bias (§ = 1.0) the metric performs well for the normally distributed
data, but for the skewed data, the minimum of the curves shifts to standard deviations greater than 1. Conversely, for the cases
of a large bias (0 = 3.0), while the skewed variables have their minimum shifted to standard deviation ratios larger than 1 for all
correlation coefficients, the normally distributed cases also have a shift of the minimum to standard deviations greater than one
that is perceivable for the high correlation coefficient only (p = 0.9). This metric, like in the case of SPAEF, is bias-insensitive,

since different bias values do not directly reflect to changes in the values of the metric.

10
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Esp Behavior
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Figure 3. E;, metric behavior (X is the standard deviation ratio target, p is the correlation target and J is the bias target between the model

and the observation dataset).

On the other hand, the WSPAEF metric (Fig. 4) exhibits a distinct behavior compared to the aforementioned metrics. Sim-
ilarly to the two previous metrics, a good performance is observed for both the normal and skewed distributed data in the
absence of bias. However, for the normally distributed cases across all combinations of correlation coefficient and bias, the
minimum value of the curve is consistently at a standard deviation value of 1. For the skewed data, in the cases where there is
a small bias present (6 = 1.0) and the correlation coefficient is near 0 (p = —0.3,0.3), the minimum value of the curve shifts
at standard deviations ratio slightly below 1. When a substantial bias is present (6 = 3.0), the minimum value of the curve for
the skewed distributed data shifts to a standard deviation ratio significantly below 1. Additionally, unlike SPAEF and F,, this

metric demonstrates sensitivity to bias, as the metric values generally increase with increasing values of bias.

11
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WSPAEF Behavior
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Figure 4. WSPAEF metric behavior (A is the standard deviation ratio target, p is the correlation target and ¢ is the bias target between the

model and the observation dataset).

The MSPAEF metric, illustrated in Fig. 5, demonstrates a robust performance across all combinations of correlation coeffi-
cients and biases for both the normal and skewed distributed variables. Nonetheless, under conditions of large bias (6 = 3.0)
and negative correlation coefficients (p = —0.9, —0.3), the response curve for normally distributed data exhibits a near-plateau
around the standard deviation ratio of 1. This suggests a diminished sensitivity to variations in the standard deviation ratio
within this specific range. Similar to WSPAEF, MSPAETF is sensitive to bias, with values generally increasing with increasing
bias. This trend is particularly pronounced for cases with a large positive correlation coefficient (p = 0.9). Generally, the metric
values decrease with increasing correlation and decreasing bias, which aligns with the expected behavior of a well-behaved

metric.
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Figure 5. MSPAEF metric behavior (X is the standard deviation ratio target, p is the correlation target and 0 is the bias target between the

model and the observation dataset).

3.2 Synthetic data examples

Two examples are presented to illustrate the differences in the values and the interpretation of the four metrics, using synthetic
data as described in the Methods section. These synthetic datasets are designed to realistically resemble observations and cli-
mate model output for evaluation. The first example shown in Fig. 6a, presents the synthetic observations and two different
models with predefined statistical properties. The observations were generated with a mean value of 200 and a standard devia-
tion of 70, representing a scenario such as the mean annual precipitation in millimeters (mm) in a specific region of the planet.
Model A was created using a spatial correlation coefficient equal to 0.85, a standard deviation ratio of 1.1 and a domain-average
bias of -10. In contrast, Model B was created using a correlation coefficient of -0.4, a standard deviation ratio of 1.0, and a
domain-average bias of 0.

Model A shows a spatial pattern that resembles the observations closely, with only minor differences. In contrast, Model B

displays a significantly different spatial pattern for the variable under evaluation. Intuitively, Model A should be considered the
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better model due to its close alignment with the observations and its minimal relative bias. On the other hand, Model B should
be regarded as the less skillful model because its spatial pattern diverges considerably from the observations, even though it
does not exhibit significant bias when looking at the domain average.

In Fig. 6b, the values of the four metrics are shown for 20 different variations with the aforementioned parameters. The
WSPAEF metric indicates that Model B has better performance compared to Model A, since it has the lower values for the
metric, while the other three metrics conclude that Model A illustrates a model with better performance compared to Model B,
as our intuition suggests. The bad performance of WSPAEEF in this example is attributed to its very high sensitivity to the actual
values of the bias due to the Wasserstein distance component, which overwhelms the contribution of the other two components

on the final value of the metric.
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Figure 6. (a) Example of spatial pattern of synthetic observations and Models A and B in Example 1 (Observations were to represent a
scenario of the mean annual precipitation in mm of a specific region. Model A represents a model with high correlation and a small relative
bias compared to the observations, while Model B represents a model with negative correlation and no bias compared to the observations),
(b) boxplots of the metric values for Models A and B. (SPAEF: Spatial Efficiency, WSPAEF: Wasserstein Spatial Efficiency, MSPAEF:
Modified Spatial Efficiency, E,: Spatial Pattern Efficiency)

The second example is shown in Fig. 7. The observations of this example were generated with a mean of 6 and a standard
deviation of 1, representing a scenario such as the annual temperature in a region of the planet. Model A was created using a
spatial correlation coefficient of 0.6, a standard deviation ratio of 1.1 and a domain-average bias of 0. Model B was created

300 using a spatial correlation coefficient of 0.8, a standard deviation ratio of 2.0 and a domain-average bias of 7.5.
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Model A spatial pattern exhibits some correlation compared to the original data but with no significant bias present. In
contrast, Model B has a very similar spatial pattern for the variable, but with a very pronounced positive bias. Based on
these observations, intuitively, Model A should be considered the better of the two models. Although its correlation with the
observations is average, the lack of bias makes it more reliable. On the other hand, Model B should be considered the worst of
the two because, despite its similarity to the observed spatial pattern, it has a substantial bias compared to the observations.

Figure 7b presents the values of the four metrics, for 20 different variations with the same values of parameters. The WSPAEF
and MSPAEF metrics indicate that the Model A has far better performance compared to the Model B. This is expected, since
there is a large bias present in Model B which dramatically increases the values of these two bias-sensitive metrics, contrariwise
to Model A which has no bias present. On the other hand, the other two metrics indicate that Model B illustrates a model with
better performance compared to Model A, because these two metrics are bias-insensitive and therefore are affected more by

the underlying patterns of the variable in the two models.
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Figure 7. (a) Example of the spatial pattern of observations and Models A and B in Example 2 (Observations were to represent a scenario of

the annual temperature in degrees Celsius of a specific region. Model A represents a model with medium correlation and no bias compared

to the observations, while Model B represents a model with high correlation and a large bias compared to the observations), (b) boxplots of

the metric values for Models A and B. (SPAEF: Spatial Efficiency, WSPAEF: Wasserstein Spatial Efficiency, MSPAEF: Modified Spatial

Efficiency, Ep: Spatial Pattern Efficiency)

3.3 Application to real data

In this section, the four metrics were used in their original form, where the value of 1 indicates the best performance for

MSPAEF, SPAEF and E),, while for WSPAEF the best performance is indicated at a value of 0. The metrics were applied

to global CMIP6 model output, in order to benchmark them against the ERAS reanalysis for annual precipitation totals and

mean near-surface temperature. For both examples, we averaged over the 1981-2010 period. The performance of the CMIP6
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models using the MSPAEF metric for the two variables is presented in Fig. 8. Some models perform very well for the spatial
distribution of both variables (e.g., CESM2), while others perform well for one of the two variables, and much poorer for
the other. For instance, the MIROC6 model is found to perform better than most other CMIP6 models for precipitation, but
it is the second worst-performing model in representing the spatial distribution of near-surface temperature. On the other
hand, ACCESS-ESM1-5 performs very well for the temperature, being in the top few models, but it is the worst-performing
model in representing precipitation. Then, there are models that perform badly for both variables, such as MIROC-ES2L which
performs below average in terms of the precipitation variable and is the worst-performing model by far in the representation of
temperature.

Regarding the actual values of the metric, all CMIP6 models except MIROC-ES2L, have values greater than 0.9 for the
temperature variable. Contrariwise, all models except the two CESM2s and the NorESM2-MM models have values less than
0.85 for the precipitation variable. This indicates that the CMIP6 models generally can capture well the spatial distribution
and magnitude of the temperature, while they struggle a lot more in the representation of the precipitation features. This is
somewhat expected, as the spatial distribution of temperature is influenced by factors such as orography, latitude, and proximity
to the oceans, which are easier to be represented in climate models. Modeling precipitation, on the other hand, is significantly
more complex (Legates, 2014; Riisidnen, 2007). It is largely influenced by sub-grid-scale processes like convection and cloud

microphysics that are not explicitly resolved in the models, and they need to be parametrized (Pieri et al., 2015).
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Figure 8. Scatter plot of the Modified Spatial Efficiency (MSPAEF) values for annual mean precipitation and 2-meter temperature derived
from 33 CMIP6 models during the historical period of 1981-2010.

Tables 1 and 2 present the values and the corresponding ranking of the models, based on the four metrics discussed in
this study, for annual precipitation and 2-meter temperature, respectively. The metrics generally exhibit a degree of consensus
regarding the identification of the best and worst-performing models for each variable. However, the precise ranking order of
the models varies across the different metrics.

For precipitation (Table 1), the model rankings derived from the WSPAEF metric differ the most from those obtained from
the other three metrics, as illustrated in Fig. 9. The normalized sum of absolute rank differences between the CMIP6 models
exceeds the 7 units when comparing the WSPAEF metric with the other three metrics. This significant differentiation in the
WSPAEEF rankings can be attributed to the very large values this metric attains as a consequence of its high sensitivity to the
inherent biases that arise from its Wasserstein distance component. Given that annual precipitation was the variable under
consideration, a bias of just 30 mm in the globally averaged total annual precipitation can result in WSPAEF metric values
exceeding the 30 units, even if this bias represents only approximately 3% of the total annual global precipitation.

The MSPAEF metric rankings exhibit the most similarity to those of E,, with a rank difference value of 2.8 and the least
similarity to WSPAEF with a rank difference value of 7.9, with SPAEF demonstrating an intermediary level of similarity.
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This suggests that MSPAEF effectively captures the spatial distribution of precipitation while at the same time not being
overwhelmed by existing bias.

For temperature (Table 2), the four metrics generally exhibit a greater degree of agreement regarding the ranking of the
models. However, more variability is observed in the identification of the top-performing models. Concerning the WSPAEF
metric in Table 2, its values exceed the 2 units only for three models. This is attributed to the considerably smaller absolute
values of the mean bias between the individual models and the observations, measured in Kelvin, which rarely exceed one
or two degrees. This relatively small absolute value of the mean bias allows the other components of the WSPAEF metric,
like the correlation coefficient, to exert a greater influence in the final metric value. This enables WSPAEEF to achieve greater
consistency in its rankings with the other three metrics for temperature than for precipitation, as depicted in Fig. 9.

The most substantial differences in temperature rankings are observed between WSPAEF and SPAEF, while the smallest
difference occurs between the E, and SPAEF metric. The rankings of MSPAEF exhibit the greatest similarity to the E,

metric with rank differences value of 3.8, and the least similarity to SPAEF with rank differences value of 5.5.
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Figure 9. Normalized sum of absolute rank differences between pairs of metrics for the 33 CMIP6 models, based on mean annual precip-
itation and temperature during the historical period of 1981-2010. (SPAEF: Spatial Efficiency, WSPAEF: Wasserstein Spatial Efficiency,
MSPAEF: Modified Spatial Efficiency, E;,: Spatial Pattern Efficiency)
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Table 1. Values of the four metrics and CMIP6 model rank for the annual total precipitation, averaged over the 1981-2010 period. (SPAEF:
Spatial Efficiency, WSPAEF: Wasserstein Spatial Efficiency, MSPAEF: Modified Spatial Efficiency, E,: Spatial Pattern Efficiency)

Model ID MSPAEF SPAEF WSPAEF Esp Rank Rank Rank Rank
MSPAEF SPAEF WSPAEF Esp
1 0.766 0.866 64.057 0.554 28 15 29 15
2 0.754 0.901 89.795 0.589 31 5 31 10
3 0.766 0.816 34.66 0.494 28 27 18 26
4 0.785 0.86 18.115 0.5 20 16 4 25
5 0.857 0.919 15.979 0.658 2 1 2 2
6 0.86 0918 13.463 0.665 1 2 1 1
7 0.84 0911 34.8 0.634 4 4 19 4
8 0.803 0.9 49.172 0.578 13 6 25 11
9 0.806 0.835 27.046 0.571 11 22 10 13
10 0.792 0.853 25.821 0.545 19 17 8 17
11 0.794 0.848 28.921 0.534 18 18 12 20
12 0.771 0.802 53.156 0.494 26 29 27 26
13 0.773 0.802 52.572 0.503 25 29 26 24
14 0.825 0.833 32.86 0.625 7 23 15
15 0.827 0.833 33.682 0.625 6 23 17
16 0.797 0.874 25.285 0.525 16 11 6 21
17 0.724 0.715 96.786 0.423 32 33 33 33
18 0.815 0.842 31.245 0.578 8 20 13 11
19 0.765 0.805 35.667 0.453 30 28 20 31
20 0.81 0.898 47.345 0.61 9 7 23 8
21 0.767 0.818 31.772 0.463 27 26 14 30
22 0.775 0.826 27.702 0.477 24 25 11 28
23 0.777 0.87 37.813 0.521 23 13 22 22
24 0.806 0.873 37.074 0.56 11 12 21 14
25 0.784 0.783 90.885 0.508 21 31 32 23
26 0.833 0.842 79.377 0.632 5 20 30 5
27 0.802 0.87 26.054 0.538 15 13 9 19
28 0.778 0.846 32.896 0.477 22 19 16 28
29 0.795 0.878 25.41 0.548 17 9 7 16
30 0.716 0.753 55.362 0.429 33 32 28 32
31 0.803 0.878 17.043 0.543 13 9 3 18
32 0.855 0.917 22.585 0.655 3 3 5 3
33 0.81 0.885 48.338 0.61 9 8 24 8

4 Conclusions

Model evaluation plays a vital role in climate model development and is crucial for understanding the limitations of these
models, especially before conducting impact assessments. In this study, we present an inter-comparison exercise of several
performance metrics that focus on the spatial representation of model output.

The bias-insensitive metrics, SPAEF and FE,, perform well in the cases of relatively low biases. With increasing bias,

their performance generally deteriorates, something that is evident by the shift of the curve’s minimum to values of standard
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Table 2. Values of the four metrics and CMIP6 model rank for the monthly 2m temperature variable averaged over the 1981-2010 period.
(SPAEF: Spatial Efficiency, WSPAEF: Wasserstein Spatial Efficiency, MSPAEF: Modified Spatial Efficiency, Es,: Spatial Pattern Efficiency)

Model ID MSPAEF SPAEF WSPAEF Esp Rank Rank Rank Rank
MSPAEF SPAEF WSPAEF Esp
1 0.934 0.861 0.772 0.888 24 23 13 22
2 0.963 0.857 1.06 0.896 6 26 20 18
3 0.966 0.921 0.404 0.93 4 4 1 1
4 0.95 0.86 1.172 0.884 16 24 25 25
5 0.955 0.935 0.539 0.925 11 2 4 4
6 0.965 0.936 0.543 0.926 5 1 5
7 0.962 0.908 1.226 0.918 7 7 29 7
8 0.961 0.892 1.074 0.902 8 14 21 15
9 0.961 0.904 1.113 0.905 8 9 23 12
10 0.935 0.876 1.117 0.904 23 16 24 13
11 0.953 0.876 0.744 0.903 14 16 11 14
12 0.929 0.846 1.088 0.878 26 28 22 27
13 0.931 0.85 1.006 0.879 25 27 18 26
14 0.912 0.871 1.181 0.867 28 20 27 29
15 0.909 0.872 1.224 0.868 30 19 28 28
16 0.94 0.888 0.969 0.89 20 15 17 21
17 0.855 0.818 2.001 0.806 32 32 31 32
18 0.954 0.893 0.641 0.921 13 13 8 6
19 0.928 0.896 0.886 0.894 27 12 16 19
20 0.937 0.859 0.864 0.899 21 25 15 17
21 0.937 0.841 1.174 0.86 21 31 26 30
22 0.948 0.87 1.025 0.888 17 22 19 22
23 0.944 0.912 0.776 0.912 18 6 14 8
24 0.953 0.874 0.653 0.9 14 18 9 16
25 0.828 0.793 2.187 0.788 33 33 33 33
26 0.907 0.844 2.034 0.847 31 29 32 31
27 0.968 0.914 0.529 0.929 3 5 3 2
28 0.97 0.897 0.546 091 2 11 6 10
29 0.971 0.905 0.462 0.925 1 8 2 4
30 0.943 0.9 0.594 0.891 19 10 7 20
31 0.959 0.926 0.751 0.911 10 3 12 9
32 0.955 0.871 0.693 0.908 11 20 10 11
33 0911 0.843 1.341 0.887 29 30 30 24

deviation ratios greater than 1. Contrariwise, the WSPAEF metric generally has a better all-round performance than the two
bias-insensitive metrics. Nonetheless, it performs poorly for skewed distributed variables as the bias increases.

To address these limitations of the existing metrics, we introduced a new metric, the Modified Spatial Efficiency (MSPAEF).
MSPAEF has shown robust performance across a range of correlation, bias, and standard deviation ratio values, for variables
that follow either a normal or a skewed distribution. Nevertheless, it has a slightly reduced sensitivity to changes in the standard

deviation ratio near 1 when a large bias is present, particularly for normally distributed variables. This reduced sensitivity arises
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from the dominant influence of the large bias, primarily due to the NRMSE and relative bias components, in the final metric
value.

The synthetic data examples of Sect. 3.2, demonstrate that bias-insensitive metrics are suboptimal for model evaluation when
bias is a critical factor, with this limitation being particularly evident in Example 2. (Fig. 7). Conversely, for variables with
large absolute values, even a small bias relative to the mean observational value can have a substantial impact on the WSPAEF
metric. In contrast, the MSPAEF and the two bias-insensitive metrics are less affected, as demonstrated in Example 1 (Fig. 6).
Thus, in the two examples presented in Sect. 3.2, MSPAEF was the only metric whose values consistently aligned with the
intuitive assessment of model performance for both cases. This is attributed to MSPAEF being a bias-sensitive metric, unlike
SPAEF and E),, while also accounting for the relative rather than absolute value of the mean bias, unlike the WSPAEF metric.
Additionally, a distinguishing characteristic of MSPAEF is its scale-independence, meaning it is unaffected by the units of the
variable, unlike the other three metrics.

In the real-world application of Sect. 3.3 using global CMIP6 models, it becomes obvious that for variables that can have
large absolute value of bias, such as the total annual precipitation, the WSPAEF metric is greatly affected by it and it differs the
most in the ranking compared to the other three metrics. The differences of WSPAEF with the other metrics are substantially
reduced with the temperature variable, due to the smaller absolute values of the mean bias, which allows its the other compo-
nents to have a larger contribution to the final value of the metric. The MSPAEF rankings are the most similar to those of E,
for both variables, highlighting the ability of MSPAEF to evaluate spatial patterns. However, some differences in the rankings
arise due to MSPAEF being a bias-sensitive metric.

Although this metric was developed for evaluating gridded climate model output, its underlying rationale and its inherent
flexibility make it suitable for assessing the performance of other types of geoscientific or environmental models where the

spatial distribution of simulated variables is expected to follow certain patterns in space.

Code and data availability. The Python code used in this work can be obtained from https://doi.org/10.5281/zenodo.15094921 (Karpasitis,
2025). The CMIP6 data (ensemble mean of each model) can be downloaded from KNMI’s Climate Explorer at https://climexp.knmi.nl/
selectfield_cmip6_knmi23.cgi? (KNMI, 2022). The ERAS data are publicly available from the Copernicus Climate Data Store (CDS) at

https://cds.climate.copernicus.eu/datasets/reanalysis-era5-single-levels-monthly-means (ECMWF, 2019)
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