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Abstract Climate models are crucial for assessing climate variability and change. A reliable model
for future climate should reasonably simulate the historical climate. Here, we assess the performance of
CMIP6 models in reproducing statistical properties of observed annual maxima of daily precipitation. We
go beyond the commonly used methods and assess CMIP6 simulations on three scales by performing: (a)
univariate comparison based on L-moments and relative difference measures; (b) bivariate comparison
using Kernel densities of mean and L-variation, and of L-skewness and L-kurtosis, and (c) comparison
of the entire distribution function using the Generalized Extreme Value
( ) distribution coupled with
E
a novel application of the Anderson-Darling Goodness-of-fit test. The results reveal that the statistical
shape properties (related to the frequency and magnitude of extremes) of CMIP6 simulations match well
with the observational datasets. The simulated mean and variation differ among the models with 70% of
simulations having a difference within
E
10% from the observations. Biases are observed in the bivariate
investigation of mean and variation. Several models perform well with the HadGEM3-GC31-MM model
performing well in all three scales when compared to the ground-based Global Precipitation Climatology
Centre data. Finally, the study highlights biases of CMIP6 models in simulating extreme precipitation in
the Arctic, Tropics, arid and semi-arid regions.
Plain Language Summary

Annual maxima of daily precipitation are widely used to design
critical infrastructures such as dams and stormwater networks. Climate change is expected to increase
the frequency and intensity of extreme events. Climate model projections offer a glimpse into the future
and can help assess potential changes and impacts. It is reasonable to assume that climate models
simulating accurately the historical climate may also simulate well the future. Here, we assessed the latest
generation of climate models, that is the CMIP6 models, to reproduce the historical annual maximum
daily precipitation. We compared simulations and observations of extreme precipitation using advanced
summary statistics, novel probability similarity measures, and robust statistical tests. The results indicate
that models, in general, reproduce well the behavior of annual maximum precipitation, but biases exist
especially in the simultaneous behavior of mean and variance. Shortcomings of CMIP6 models are
highlighted in the Arctic, Tropics, arid, and semi-arid regions.

1. Introduction
© 2021 The Authors. Earth's Future
published by Wiley Periodicals LLC on
behalf of American Geophysical Union.
This is an open access article under
the terms of the Creative Commons
Attribution License, which permits use,
distribution and reproduction in any
medium, provided the original work is
properly cited.
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Extreme environmental phenomena are part of natural variability. Yet, anthropogenic activities are expected to intensify extreme events, affecting the natural and built environment (e.g., AghaKouchak et al., 2020;
Moustakis et al., 2021; Raymond et al., 2020). Extreme events have severe effects on human health, ecology, biodiversity, and economy. For example, globally, from 1980 to 2009, floods caused more than 500,000
deaths and adversely affected more than 2.8 billion people (Doocy et al., 2013). Therefore, analyzing and
predicting the behavior of extreme events, especially under climate change, is of great importance. Meanwhile, a clear definition of extreme events does not exist and we typically relate extremes with low exceedance probabilities (Papalexiou et al., 2013). However, in the literature, popular methods focus on analyzing

1 of 17

Earth’s Future

10.1029/2021EF002196

extremes defined as high quantile thresholds (peak above threshold values) or annual maxima. These two
main approaches led to the development of different climate indices and also extreme value analysis techniques (X. Zhang et al., 2011; Zwiers & Zhang, 2009). The analysis of annual maxima has been a cornerstone
method in estimating the risk of extremes in the field of hydroclimatology (e.g., Asquith & Roussel, 2004;
Cheng & AghaKouchak, 2014; Kundwa, 2019). Given that climate models are the only available tool to
assess future changes, assessing their performance in reproducing the statistical properties of historical annual maximum precipitation is crucial. The Coupled Model Intercomparison Project (CMIP) has integrated
numerous climate models from research institutes worldwide in one robust platform to facilitate climate
modeling (Eyring et al., 2016). Nevertheless, climate models should be validated and compared using observed precipitation. Gridded observational datasets are typically used to compare, validate, and assess the
performance of climate models.
Daily precipitation simulated by climate models has not been sufficiently investigated in the literature. In
contrast, monthly and annual precipitation have been extensively analyzed using CMIP5 (e.g., Khayyun
et al., 2020; Kumar et al., 2013; Z. Liu et al., 2014; Mehran et al., 2014; Scoccimarro et al., 2013), and CMIP6
outputs (e.g., Rivera & Arnould, 2020; Yazdandoost et al., 2020). The results showed high variability among
the models and indicated high bias in the Tropics, arid, and semi-arid regions. In the case of extreme precipitation, previous generations of climate models have been assessed in reproducing such extreme events
(e.g., Akinsanola et al., 2020; Agel & Barlow, 2020; Scoccimarro et al., 2013). For instance, the 20-year
return level precipitation event has been used as a proxy to study extreme precipitation. The 20-year return level generated from CMIP5 models and the observations has been compared over the globe (Kharin
et al., 2013). The results illustrated that the percentage difference between the 20-year precipitation depths
of observations and simulations
E was 20%, yet this percentage is higher in the Tropics (Kharin et al., 2013).
Kim et al. (2020) and Wehner et al. (2020) have also compared the 20-year return period based on the Generalized Extreme Value's
( ) quantile function with CMIP6 models. The previous studies show that no
E
single model is the best for all regions and seasons. Yet Kim et al. (2020) have shown dry biases in tropical
and sub-tropical regions.
Extreme precipitation characteristics (magnitude, frequency, and duration) are often investigated using
the ETCCDI indices (Expert Team on Climate Change Detection and Indices; Karl et al., 1999; H. Zhang,
Fraedrich, et al., 2013; X. Zhang, Wan, et al., 2013). Generally, the extreme precipitation indices estimated
from the climate models, in most cases, overestimated the estimated ones from the observations (Alexander
& Arblaster, 2017). However, at the global scale, the magnitude of precipitation extreme events was underestimated by CMIP5 models (Raäisaänen, 2007; Sillmann et al., 2013). In Indochina and South China,
CMIP6 models showed poor skill in simulating extreme precipitation indices (Tang et al., 2021). However,
three models (EC-Earth3, EC-Earth3-Veg, and NorESM2-MM) were successful in simulating the spatial
pattern and the temporal variability of extreme precipitation indices in Indochina and South China. In West
Africa, some of the CMIP6 models (FGOALS-f3-L and GFDL-ESM4) overestimated the extreme precipitation extremes in the coastal areas (Klutse et al., 2021).
Comparisons of daily annual maxima precipitation calculated using CMIP5 and CMIP6 models' simulations with observations were applied in the literature. Regionally, results have shown large variability between model simulations (Alexander & Arblaster, 2017; Asadieh & Krakauer, 2015; Gusain, 2020). Recently,
annual maxima of daily precipitation (Rx1day as named in the ETCCDI indices) have been studied for 16
CMIP6 models compared to a reference observational data set for seven regions in the United States over
the 1981–2005 period (Srivastava et al., 2020). The results have shown that the variability among models is high, with some models overestimating and other underestimating annual extremes. For instance,
CNRM, EC-Earth, and CESM models underestimated while the IPSL-CM6A-LR model overestimated Rx1day (Srivastava et al., 2020). In East Africa, the CMIP6 multi-model mean performed better than CMIP5
multi-model mean in simulating Rx1day, showing NorESM2-MM and CNRM-CM6-1 to be the best performing CMIP6 models (Ayugi et al., 2021). The previous results were also confirmed in Western North
Pacific (Chen et al., 2021). Analysis of observerd and CMIP6 simulated Rx1day also revealed high variability
among models in different seasons and regions (Akinsanola et al., 2021; Klutse et al., 2021). Globally, similar studies with different tools and study periods confirmed the high variability among CMIP6 models in
simulating Rx1day (Kim et al., 2020; Wehner et al., 2020).
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Table 1
Strengths and Limitations of Observational Gridded Datasets: CPC, GPCC, and MSWEP
Observational gridded
data set
CPC

Strengths
High dense gauge stations
Quality controlled by satellite estimates

Limitations
Limited observations over tropical Africa and Antarctica; Data
quality changes regionally depending on the density of the
stations; End time in the day varies among the stations

GPCC

Larger number of gauge stations

The quantity of the stations per grid differs over the globe
affecting the homogeneity of data quality

MWSEP

Combine between three precipitation sources: gauges,
satellites, and reanalysis.

Errors from satellite data and uncertainties generated from
reanalysis models' assumptions and calculation techniques.

Note. CPC, Climate Prediction Center; GPCC, Global Precipitation Climatology Centre; MSWEP, Multi-source Weighted Ensemble Precipitation.

In past studies, observations and simulations were compared primarily by using measures such as correlation coefficient, root mean square error, percentage difference, or slope of trends of the precipitation
magnitudes. The past analysis assessed the mean and the variance, but not the shape properties (measures of asymmetry, e.g., skewness coefficient, and measures of tail heaviness, e.g., kurtosis coefficient) of
annual maxima. Additionally, most of the past research focused on multi-model mean or median, which
does not provide detailed information about each model's simulation and extreme events. Comparisons
based on L-moments help in assessing the properties of extreme precipitation events. Here, we follow novel
approaches; we assess the performance of each model in reproducing annual maxima based on robust statistical measures such as L-moments, probability similarity measures such as the Hellinger distance, and
modified goodness-of-fit (GoF) statistical tests.
This study assesses the performance of CMIP6 simulations in reproducing annual maxima precipitation
compared to observational datasets during the 1982–2014 period over the globe. The CMIP6 simulations are
assessed using three approaches: (a) one-dimensional analysis, focusing on comparing individual L-moments of the annual maxima time series, (b) two-dimensional analysis, focusing on the joint behavior of
L-moments, and (c) probabilistic evaluation by comparing the simulated and observed distributions of annual maxima. The remainder of the paper is organized as follows: Section 2 describes the data used in the
study and the applied methods in the analysis. Section 3 shows the results of the CMIP6 models assessment.
Section 4 provides interpretation and discussions of the results. Finally, a summary of the highlights and
key points is provided in Section 5.

2. Data and Methods
2.1. Data
Gridded observational datasets are widely used in the literature to validate and assess the climate model
products (Contractor et al., 2020; J. Liu et al., 2019; Tarek et al., 2020; Wan et al., 2020). Three observational
gridded precipitation datasets were used in this study, that are the Climate Prediction Center unified gaugebased analysis of daily precipitation (CPC), the Global Precipitation Climatology Centre (GPCC) daily precipitation, and the Multi-source Weighted Ensemble Precipitation (MSWEP) daily precipitation. CPC merges gauges measurements and satellite estimates collected from over 30,000 stations from multiple sources
among national and international organizations (Xie et al., 2010). GPCC uses only rainfall gauges measurements from over 85,000 stations (Becker et al., 2013; Schneider et al., 2017). Finally, the MSWEP combines
gauge measurements (∼70,000 stations), satellite estimates, and reanalysis data (Beck et al., 2019). These
three gridded products have been quality controlled and extensively used in the literature; strengths and
the limitations of each data set are briefly reported in Table 1. Using different datasets may lead to different
results yet it offers the opportunity to understand observational uncertainties (Ensor & Robeson, 2008; Rajulapati et al., 2020; Tang et al., 2021; Tapiador et al., 2017).
Since we analyze daily annual maxima precipitation, we calculated the missing values (MV's) percentage
for each year. Annual maxima extracted from years with a large percentage of missing values are not reliable (Papalexiou & Koutsoyiannis, 2013). GPCC and MSWEP have no MV's, whereas CPC has MV's in some
ABDELMOATY ET AL.
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Figure 1. Spatial variation of mean daily precipitation during 1982–2014 for: (a) Climate Prediction Center, (b) Global Precipitation Climatology Centre, and
(c) Multi-source Weighted Ensemble Precipitation observational gridded datasets for land grids.

grid points, but the percentage is very low (typically less than 6% per year). Therefore, all three gridded
observational products are considered of good quality to extract annual maxima. The mean of annual maxima precipitation (Figure 1) shows coherent spatial patterns. However, in arid and semi-arid regions such
as the Southwest of the United States, Northern Africa, and Southwest of Asia, there are some apparent
differences. As a reference observational data set, we used the GPCC as it depends only on rain gauge data.
The analysis focused on the 1982–2014 period which is common between CMIP6 historical simulations and
observation.
We analyzed 34 CMIP6 models to assess their performance in simulating the annual maxima of daily precipitation. Each model may contain different simulations representing different forcings, initial conditions,
and boundary assumptions. Therefore, we used 341 available (during this work) historical simulations,
focusing on the 1982–2014 period, to assess models' performance in reproducing the historical annual maxima. The CMIP6 models used in this study are briefly presented in Table S1 in Supporting Information S1.
Since the outputs that come from CMIP6 simulations have different spatial resolutions rangingEfrom 0.5
E to 2.5, we chose
E
2  2 as a unified spatial resolution (in conformity with many CMIP studies like Chou
et al., 2013, Hao et al., 2013, and L. Zhang & Wang, 2013). Therefore, we regridded CMIP6 simulations'
products as well as the observational data set to a common
E
2  2 resolution using the first-order area-conservative remapping technique (Jones, 1999). This unified spatial resolution facilitates the grid-to-grid comparisons between observations and simulations (Ahmadalipour et al., 2017).
2.2. Methods
This paper aims to robustly assess the performance of CMIP6 models to simulate annual maxima of daily
precipitation in the 1982–2014 period. We assessed 341 simulations from 34 models and compared them
with three observational datasets to include observational uncertainty. Particularly, we developed new approaches to assess the model outputs that focus on the comparison of: (a) L-moments including mean,
L-variation, L-skewness, and L-kurtosis, using relative differences, between observations and simulations,
(b) bivariate densities between mean and L-variation, and L-skewness and L-kurtosis, and (c)
E the  distributions between observations and simulations through the Hellinger distance and Anderson Darling
GoF test.
L-moments provide numerous advantages over product moments in describing a sample or distribution
characteristics (Sankarasubramanian & Srinivasan, 1999). L-moments are less sensitive to sample size variability and less susceptible to outliers. In general, L-moments ratios, that is, L-variation
( 2), L-skewness
( 3),
E
E
and L-kurtosis
( 4), offer robust measures of variation, skewness and kurtosis, respectively (Hosking, 1990).
E
We estimated the L-moments of the annual maxima time series for the three observational datasets and the
341 simulations and compared them to the GPCC values. Percentage difference (given in Equation 1) has
been a popular method to compare climate models' outputs and the observations (Gusain, 2020; Schaller
et al., 2011; Seth et al., 2013; Song et al., 2021).
ABDELMOATY ET AL.
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X

%diff  s  1   100
(1)
X
 o


where
E
Xs is the L-moment of a given simulationE and X o is the corresponding L-moment of observations.
Though
E
%diff is popular, a small difference in L-moment can lead to a substantial
E
%diff . For instance,
for very close values of 0.01 and 0.04, a veryElarge %diff of 300 is obtained. The difference performs better
for small or negative values
E as %diff may mislead the results. We used the percentage difference
E
(%diff)
E
when comparing mean
( E) and 2, while the difference
( Xs  X o) was used when comparing the boundE
E ed E
3 and  4 . To account for regional variation, the differences were calculated for four zones separately:
Arctic (66.5°N–90°N), North Temperate (23.5°N–66.5°N), Tropics (23.5°S–23.5°N), and South Temperate
(23.5°S–66.5°S). Latitudinal variation dominates global stress contributing to the total rainfall (Helmuth
et al., 2002; Rind, 1998).

E

Here, we introduced a bivariate analysis of L-moments ratios. The univariate analysis reveals L-moments’
differences between observations and simulations but does not show if L-moments are simultaneously
matched. Thus, it is more robust to assess the joint behavior
E ofE and  2, and
E of E3 and  4 as shape properties.
We treated
(  , 2E) and  3 , 4  as bivariate random variables and estimate their probability density function
E
(PDF) by using bivariate kernel densities, which are widely applied as alternatives to parametric models
(Bai, 2020). First, we highlighted the 0.25, 0.50, and 0.75 highest probability regions (HPR) in the bivariate
densities (defined as the smallest possible regions containing 0.25, 0.50, and 0.75 of the bivariate points) of
the L-moments in GPCC (see Figure 4). Then we compared the corresponding HPR of CMIP6 simulations
with those of GPCC. This procedure allows for a comprehensive multi-level comparison between bivariate
densities of simulations and the estimated reference bivariate densities. Second, we determined the most
probable
(  , 2)E and  3 , 4  points in observations and CMIP6 simulations, defined as the peak of their
E
E
bivariate densities, and compare them. Third, we estimated the Hellinger
( H ) distance between the simuE
H
lated and observed bivariate L-moment densities as an overall similarity measure between the densities.
distance is a robust technique to estimate the difference between two PDFs (Hellinger, 1909). The squared
H distance can be estimated for discrete or continuous variables, respectively, as given:





2
1 k

H 2  p, q 
(2)
 pi  qi
2 i 1





2
1

H 2  p, q 
p x  q x
(3)

2 x

E

E and Ep and q are the two probability mass functions or PDFs.
E
H distance ranges in
where
E
k is the sample size,
0,1, with 0 indicating perfect match while the larger
E the H distance (tending to 1), the more the mismatch
(see Papalexiou et al., 2021 for a drought analysis using H distance).

Additionally, to assess the differences in the distributions of simulations and observations, we introduced a
comparison based on the Anderson Darling goodness of fit (GoF) test and
E the  distribution. According
to the extreme value theory, annual maxima can be described by
E the  distribution (e.g., Alila, 1999; Feng
et al., 2007; Papalexiou & Koutsoyiannis, 2013); its distribution function is given by:





1/  
 
 x 
x  

, 1 
0
F  x  exp  1  

(4)
 

 

 


E
 is the location parameter,
E and  is the shape parameter.
where
E
 is the scale parameter,

First, we fitted the generalized extreme value
( ) distribution (using the L-moment method) to the GPCC
E
annual maxima time series and tested the hypothesis that the same distribution could describe the corresponding simulated maxima time series. For this, we applied the Anderson Darling GoF test at the 5%
significance level. Second, we standardized the annual maxima time series (by subtracting their mean and
dividing by their standard deviation) and repeated the previous process. Thus, the observed and simulated
samples all have zero mean and standard deviation equal to one but might differ in their shape properties. This approach is important because, if the distributions' shape matches, a simple linear transformation can correct the bias in the simulations. Finally,
E the H distance was calculated between the Efitted 
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Figure 2. Percentage difference in annual maxima means for CMIP6 models and other observations compared to Global Precipitation Climatology Centre; the
point represents the median and the error bar indicates the 90% empirical confidence interval.

distributions of simulations and GPCC in all grids. The H distance comparison was performed before and
after standardization to show the overall difference and the shape differences of each CMIP6 model.

3. Results
3.1. L-Moments One-Dimensional Analysis

E

ABDELMOATY ET AL.

The differences of annual maxima L-moments have been estimated for each simulation in CMIP6 models
and the two observational datasets (CPC and MSWEP) with respect to GPCC as the reference data set. All
simulations from the same model show small variations (Figures S3 and S4 in Supporting Information
S1). Therefore, we presented the differences between CMIP6 models and GPCC by taking the differences'
median of simulations that belong to a specific model. The means of annual maxima show discrepancies
among the models and the two observational datasets (Figure 2). Among observations, large differences
were noticed among the observational datasets in the Arctic (median differences in CPC and MSWEP are
8.9% and 67.7%, respectively) and Tropics
E
(25.2%E and 27.7%, respectively); in other regions, the obserE a 2.5% to 8.5%. Among CMIP6 models, their ability to simulate the mean
vational products match within
E
10%
of annual maxima precipitation varies. In general, 70% of CMIP6 modelsE have %diff medians within
in all regions. CMIP6 simulations slightly underestimate the annual maxima means in the North temperate
zone
(%diff rangesEfrom 32% to 13%) and in the South temperate zone
E
E
(%diff rangesEfrom 44% to 10%).
However, in the Arctic and the Tropics, CMIP6 models do not perform well. CMIP6 models have high variability of means'
E
%diff in the Arctic region in terms of medians that rangesEfrom 19.1% to 42.2%, and the
90% empirical confidence interval that rangesEfrom 64.1% to 195.9%. In the Tropics, most of the models unE to 62.3%). This dry
derestimate annual maxima means by an average of 38% difference (rangesEfrom 3.4%
bias in the Tropics was also confirmed in the literature using CMIP6 multi-model means (Kim et al., 2020).
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Figure 3. Percentage difference in annual maxima
E
 2 for CMIP6 models and other observations compared to Global Precipitation Climatology Centre; the point
represents the median and the error bar indicates the 90% empirical confidence interval.

Generally, the literature indicates that climate models perform poorly in tropical and Arctic Regions (Cesana & Del Genio, 2021; Guarino et al., 2020; Wunderling et al., 2020). Nevertheless, NorCPM1, MIROC6,
and CanESM5Ehave %diff of median approaching zero in Arctic, North temperate, and Tropics and South
temperate regions, respectively.

E

Further, we investigated biases in the variation of annual maxima as quantified by the L-moment coefficient of variation
( 2). Differences
E
E in  2 resemble the behavior of the mean values (Figure 3). In the tropics,
some models such as CESM2-WACCM-FV2, MIROC-ES2L, MPI-ESM1-2-HR, MPI-ESM1-2-LR, and MRI_
ESM2-0 considerably underestimate
E
93.4%. FGOALS-f3-L is the only model in good agreeE
 2 reaching
ment
E of  2 with GPCC in all regions with a medianEof all %diff 's equals to 0.005%, but with a high variance
E of 0.34%, but with less vari(68.2%–206.8%). Meanwhile, CanESM5 has a slightly lower
E
%diff 's median
E
ance (75.4%–153.7%).
E the %diff (as described in Section 2.2), we used the simple difference in anaTo avoid the shortcomings of
lyzing E3 and  4. A good agreement
E
E in E3 and  4 with GPCC is observed (Figures S3 and S4 in Supporting Information S1), indicating that CMIP6 simulations reproduce well the annual maxima shape properties. The
median of differences rangesEfrom 0.130 to 0.035
E for  4. Highest bounds in
E for  3 andEfrom 0.052 to 0.027
Eboth E3 and  4 occurred in the Tropics, but in general, the variance
E of E3 and  4 also agrees among models and
observations. Yet CPC shows a large negative difference in the Arctic.

3.2. L-Moments Two-Dimensional Analysis
Comparing the separate behavior of each L-moment can be helpful, yet it is more robust and comprehensive to compare a wider scale of annual maxima behavior. Therefore, we used non-parametric Kernel
bivariate densities to describe the simultaneous behavior of annual maxima L-moments to assess CMIP6
ABDELMOATY ET AL.
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Figure 4. Kernel bivariate densities for a simulation from CanESM5, FGOALS-f3-L, and HadGEM3-GC31-LL (dashed lines) and Global Precipitation
Climatology Centre (solid lines) showing 0.25, 0.50, and 0.75 highest probable contour lines: (a) mean and L-variation densities and (b) L-skewness and
L-kurtosis densities.

E for 
simulations. Bivariate densities show high variability among models
E and  2 pairs, mismatching GPCC
observations in most cases (some examples are shown in Figure 4a).
E For E3 and  4 a good match is indicated
between simulations and GPCC observations (Figure 4b). The comparison with the other observational
datasets (CPC and MSWEP) shows similar results (Figures S5 and S6 in Supporting Information S1).

E

First, the 0.25, 0.50, and 0.75 highest probability regions (HPR's) for GPCC were calculated and compared
with simulations. Simulations overestimate the number
E of   , 2  points within the HPR's of the GPCC
(Figures 5a–5c). The simulations' joint probabilities, compared to the three HPR's, range from 0.17 to 0.40,
0.38 to 0.76, and 0.56 to 0.95, respectively, indicating high variability among CMIP6 simulations. The range
increases as we move from 0.25 to 0.75 HPR's, indicating a mismatch essentially in the low probable regions
E of E and  2 bivariate densities. Despite the good matching
E in E and  2 individually (Figures 2 and 3),
simultaneous behavior mismatches. In contrast, higher order L-moments
(E3 and  4) generated from CMIP6
E
simulations match with observations (Figures 5d–5f). The ranges of joint probabilities in the HPR's levels
in simulations are 0.22–0.28, 0.46–0.54, and 0.69–0.79, respectively. Therefore, CMIP6 simulations can reproduce the shape properties of annual maxima, which is independent of the mean and variance, with a
narrow range of variability. For observational datasets, CPC is the best match observational data set for representing the modeled
E
E and  2 joint behavior, while GPCC is the best match in representing the modeled
E3 and  4 joint behavior.

Second, the peak points ofEthe
E (  ,  2) bivariate densities (most probable point) vary considerably among
CMIP6 simulations (Figure 6a). The peak points of simulations differ from the observational peaks, yet the
E E (  ,  2 ) peaks of CPC and GPCC are almost identical. MSWEP's peak is in the highest extreme range of peaks
(blue triangle; Figure 6a), probably because it depends on reanalysis data that have precipitation inaccuracies in some regions (Barrett et al., 2020). Simulated higher order L-moments
E E ( 3,  4) match well with the
ABDELMOATY ET AL.
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Figure 5. Fraction of pairs within the HPR's of observations and simulations: the first row represents mean and L-variation densities, and the second row
represents L-skewness and L-kurtosis densities: (a, d) 0.25, (b, e) 0.50, and (c, f) 0.75 of the HRP's of Global Precipitation Climatology Centre. The boxplots are
created based on the bivariate densities as the examples shown in Figure 4.

Figure 6. Comparing peaks of bivariate densities of (a) mean and L-variation, and (b) L-skewness and L-kurtosis of
annual maxima time series from the 341 CMIP6 simulations.

ABDELMOATY ET AL.

9 of 17

Earth’s Future

10.1029/2021EF002196

Figure 7. Hellinger distance between bivariate empirical densities of CMIP6 models and Global Precipitation
Climatology Centre: (a) mean and L-variation and (b) L-skewness and L-kurtosis.

observationsEwith  3 ranging in (0.12, 0.225)
E and  4 in (0.10, 0.17) (Figure 6b). Therefore, the results reveal a
matching in the shape properties of annual maxima.

E

E

E
Third, we used the Hellinger distance
( H ) to calculate the overall difference between bivariate densities of
E to  and
E
H distance
simulations and GPCC. Generally,
E of E3 and  4 bivariate densities is lower compared
E For E and  2 bivariate
E of H distances was calculated for each model (Figure 7).
 2 densities. The median
E
H (0.140) foldensities, 29% of CMIP6 modelsEhave H  0.2, with HadGEM3-GC31-MM has the smallest
lowed by the CanESM5 (0.147) (Figure 7a).
E For E3 and  4, bivariate densities, 91% of CMIP6 models having
H  0.2 with ACCESS-ESM2 performsE best  H  0.136 , indicating a good representation of higher-order
L-moments’ joint behavior (Figure 7b). For insights into each simulation in the same model, the individual
behavior is presented in Figure S7 in Supporting Information S1.

3.3. Comparing Fitted  Distributions
Anderson Darling GoF is usually used to test whether the sample belongs to the fitted distribution given a
confidence level. Here, to assess whether the models' annual maxima time series belong to the Efitted 
distribution of observations, we used this GoF test on simulations' samples without fitting. Therefore, we
detected whether the annual maxima time series from simulations are described by the Efitted  distributions to the reference (GPCC) data. We estimated the percentage of grids in each simulation where the
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Figure 8. Hellinger distance betweenEfitted  distributions of CMIP6 models and Global Precipitation Climatology
Centre: (a) before standardization, and (b) after standardization.

E

E

ABDELMOATY ET AL.

GoF hypothesis cannot be rejected. A big leap occurred in the success percentages from ∼23% to ∼80%
when standardizing the time series (Figure S8 in Supporting Information S1). Comparing Efitted  distributions of observations and simulations E
using H distances is a new approach for assessing CMIP6 simE
H distance between E
ulations based on distances between PDFs. We calculated
fitted  distributions in
simulations and GPCC before and after standardization.E The H distances' median after standardization is
consistently low among all models at ∼0.13 (Figure 8a), confirming a very good skill of CMIP6 simulations
to simulate the shape properties of annual maxima. Regarding the original annual maxima time series,
the GFDL-CM4, GFDL-ESM4, FGOALS-f3-L, and HadGEM3-GC31-MM perform best having the smallest
H distance ranging in 0.29–0.31. Yet 50% of CMIP6 modelsEhave H  0.33 (Figure 8b). In general, the 341
E
H distances raging in 0.10–0.99;
CMIP6 simulations of the original annual maxima have highly variable
E
H distances have a narrower range (0.01–0.43) revealing that a
however, for the standardized time series
large portion of the mismatch comes from differences in the mean and variance of annual maxima (Figure
S9 in Supporting Information S1).
To analyze the results regionally we estimated, for each grid, the median and the interquartile range
E of H
distances from the 341 CMIP6 simulations (Figure 9). South West of the United States, Central Africa, and
some regions in Central Asia have high values
E of H distance, with mean equals to 0.761, 0.809, and 0.811,
E for H distance among CMIP6
respectively (Figure 9a). These regions also have high interquartile ranges
simulations (Figure 9b). We found that the regions with a deficit in rain gauges (Kidd et al., 2017) have large
H distances and large variability. Also, these regions share the same climate type, that is, arid and semi-arid, where it is reported that some models overestimate the precipitation (Z. Liu et al., 2014; Srivastava
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Figure 9. Hellinger distance betweenEfitted  distributions of CMIP6 simulations and Global Precipitation Climatology Centre: (a) median and (b)
interquartile range of Hellinger distance.

et al., 2020). Therefore, these regions may be misrepresented because of both observations' and simulations'
inaccuracies. For a closer look at each region, continental maps
E of H distances' medians and ranges are
presented in Figures S1–S10 in Supporting Information S1.

4. Discussions
We used three observational datasets, that agree in most parts of the globe, to assess CMIP6 simulations.
However, there are discrepancies among the observational datasets (MSWEP and CPC) compared to GPCC,
which is gauge-based. MSWEP may behave differently in the Arctic because it integrates reanalysis data
that face challenges in the freezing zones (Barrett et al., 2020). Similar behavior was also tracked in CPC in
Arctic regions when simulating higher-order L-moments
(E 3 and 4); this could be because CPC integrates
E
satellite data that may be inaccurate due to mis-synchronization between satellites' and Earth's rotation in
polar regions (Matsuo & Heki, 2012).
CMIP6 models show large variability in the Arctic and Tropics and also differ from the observations when
compared in terms of L-moments. This poor performance, in the Arctic, could be attributed to inadequate stimulation of sea-ice interactions that affect the models' results globally and locally (Guarino et al., 2020; Jansen
et al., 2020). When ice melts, the albedo decreases which has feedback to the land-atmosphere processes.
Precise integration of sea-ice interactions is expected to improve climate modeling (Guarino et al., 2020;
Rosenblum & Eisenman, 2017). Additionally, warming rates in these frozen regions are at least double the
global rates and are not represented accurately (Jansen et al., 2020). Albedo changes, cloud formation and parametrization, and the lapse rate are also misrepresented (Wunderling et al., 2020). The previous processes affect local warming in Arctics, which contributes to rainfall increase by 70%, whereas global warming contributes by 30% (Bintanja, 2018). In Tropics, the mechanism of cloud formation and its spread are the dominant
sources of uncertainty in climate models' outputs (Bony, 2005; Cesana & Del Genio, 2021; Vial et al., 2013).
CMIP6 models do not discriminate between the different cloud formations, which impact warming in the
Tropics' (Cesana & Del Genio, 2021). Accordingly, CMIP6 models have high variability in simulating hydroclimatic variables in the Tropics (Cesana & Del Genio, 2021). The precipitation extremes are sensitive to local
warming in the Tropics; this sensitivity is inconsistently represented by climate models (O'Gorman, 2012).
CMIP6 models include both Global Circulation Models (GCMs) and Earth system models (ESMs). ESMs
comprise more environmental processes than GCMs by including biological and chemical processes in
addition to the physical processes (Flato, 2011; Heavens et al., 2013; Wieder et al., 2014). Although ESMs
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experience some deficiencies in simulating the global water cycle (Clark et al., 2015), CMIP6 ESMs seem to
match the statistical properties of observed annual maxima. As anticipated, ESMs simulations differ since
they model different environmental processes (Flato, 2011). Noteworthy, some ESMs (e.g., BCC-ESM1, CanESM5, and GFDL-ESM4) performed better than GCMs in simulating annual maxima means in all regions,
including Tropics and Arctic (Figure 2). Additionally, ESMs reproduce the shape properties of annual maxima as competent as GCMs.
Although the lower-order L-moments
(
E
E and  2) of simulations match the observations, their simultaneous
behavior does not match (Figure 4a). Climate models still need enhancements to model the complex physical processes such as local temperature changes, sea-ice changes, and orographic regions' physics (Elvidge
et al., 2019; Raäisaänen, 2007; Wunderling et al., 2020). Also, the inter-relationships of environmental processes complicate climate modeling (Raymond et al., 2020). These challenges could possibly lead to misrepresentation of the simultaneous behavior
E of E and  2. Nevertheless, the simultaneous behavior of the
higher-order L-moment
(E3 and  4) of annual maxima simulations matches with observations (Figure 4b),
E
indicating that climate models can capture precipitation extremes reasonably.
South West of the United States, Central Africa, and some regions in Central Asia have high Hellinger distances between
E
 distributions of simulations and observations indicating mismatch. This poor regional
performance probably resulted from inaccurate modeling of the local climate processes. For example, temperature and humidity regional variation in the vast arid and semi-arid regions affects the surface albedo, thus
climate modeling (Lioubimtseva et al., 2005). Also, mountainous regions in Central Asia contribute to the dry
weather that creates challenges in regional modeling (Deng et al., 2015). An ensemble of five CMIP6 models
has shown poor accuracy in replicating precipitation in Alberta's mountainous regions in Canada (Masud
et al., 2021). In general, precipitation extremes in CMIP6 simulations also face issues in the aforementioned
regions. Further, the deficit in rain gauges may also affect the observational datasets' quality in these regions.

5. Conclusions
It is reasonable to assume that climate models simulating the historical period accurately are more likely
to offer reliable future projections. Here, we assessed the performance of 341 simulations from 34 CMIP6
models in reproducing annual maxima of daily precipitation in the period 1982–2014 and over the globe.
Three observational datasets (CPC, GPCC, and MSWEP) were used to account for the uncertainty of different precipitation sources. We assessed simulated and observed annual maxima by comparing: (a) summary
statistics as expressed by a univariate analysis of L-moments, (b) the bivariate Kernel densities of (mean,
L-variation), and (L-skewness, L-kurtosis), and (c) the Efitted  distributions to observations and simulation by devising a novel application of the Anderson Darling GoF test and applying the Hellinger distance
as a measure of agreement.
First, 70% of CMIP6 models globally agree with the mean of GPCC annual maxima within
E a 10% difference. Simulated L-skewness and L-kurtosis match well in the corresponding observed values in GPCC annual maxima; L-skewness differences rangeEfrom 0.130 to 0.035 and L-kurtosis differencesEfrom 0.052 to
0.027. Second, the bivariate density of mean and L-variation mismatch with the observational datasets; the
simulations overestimate the joint probabilities in the most probable regions of the mean and L-variation
densities in GPCC. L-skewness and L-kurtosis bivariate densities of CMIP6 simulations match with GPCC.
Third, standardization of annual maxima time series and comparison with the corresponding standardized
observations show excellent match. Specifically, some key findings of this study are:
1. C
 MIP6 simulations reproduce shape properties of the annual precipitation maxima distributions better
than the mean and the variability.
2. CMIP6 models poorly simulate annual maxima time series in Arctic regions probably due to local temperature changes and thermodynamic processes that CMIP6 models do not capture. Also, tropics show
large variability and biases because of misrepresentation of their natural variability.
3. Although the best model depends on the assessment method, the HadGEM3-GCM31-MM seems to perform very well in all different assessment methods with a low percentage difference in annual maxima
means (2.7% on average), low Hellinger distance
( H  0.14) for the mean
E
E and  2 bivariate density, and a
low median Hellinger distance between
E its  distribution and GPCC.
ABDELMOATY ET AL.

13 of 17

Earth’s Future

10.1029/2021EF002196

This study evaluates the performance of CMIP6 models using novel methodologies to assess biases not only
E and  distributions.
in the mean and variation but also for higher-order L-moments, bivariate properties,
The findings show that CMIP6 simulations, in general, reproduce the observed shape properties of annual
maximum precipitation better than its mean and variance. The study identifies the best performing CMIP6
models regionally and globally in reproducing observed statistical properties of precipitation maxima. Potentially, these models' simulations could be downscaled and used for regional climate change impact studies including risk assessment of extremes and hydraulic infrastructure design (Ehret et al., 2012; Teutschbein & Seibert, 2013). A more thorough assessment should investigate the scaling properties of observed
and simulated precipitation (e.g., 2- to 5-day scales), along with spatial dependence (H. Zhang, Fraedrich,
et al., 2013; X. Zhang, Wan, et al., 2013). Finally, this study is in line with many others, that highlight the
need of improving the accuracy of climate model simulations in regions such as the Arctic and Tropics.
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