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ABSTRACT
Historical simulations from 14 models participating in phase 5 of the Coupled Model Intercomparison
Project (CMIP5) are evaluated for their ability to reproduce observed precipitation in the northeastern
United States and its associated circulation, with particular emphasis on extreme (top 1%) precipitation. The
models are compared to observations in terms of the spatial variations of extreme precipitation, seasonal
cycles of precipitation and extreme precipitation frequency and intensity, and extreme precipitation circulation regimes. The circulation regimes are identified using k-means clustering of 500-hPa geopotential
heights on extreme precipitation days, in both observations and in the models. While all models capture an
observed northwest-to-southeast gradient of precipitation intensity (reflected in the top 1% threshold), there
are substantial differences from observations in the magnitude of the gradient. These differences tend to be
more substantial for lower-resolution models. However, regardless of resolution, and despite a bias toward
too-frequent precipitation, many of the models capture the seasonality of observed daily precipitation intensity, and the approximate magnitude and seasonality of observed extreme precipitation intensity. Many of
the simulated extreme precipitation circulation patterns are visually similar to the set of observed patterns.
However, the location and magnitude of specific troughs and ridges within the patterns, as well as the seasonality of the patterns, may differ substantially from the observed corresponding patterns. A series of metrics
is developed based on the observed regional characteristics to facilitate comparison between models.

1. Introduction
Extreme precipitation has severe societal impacts,
and both observations and projections suggest that the
overall intensity of extreme precipitation will likely increase in a warming planet (IPCC 2014; Easterling et al.
2017). Projections of extreme precipitation, therefore,
are of great interest. Understanding the ability of climate models to simulate precipitation, particularly
Supplemental information related to this paper is available at
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extreme precipitation, is critical to assessing confidence
in these model projections. Two central questions are
the following: 1) Do climate models generate extreme
precipitation with realistic spatial and intensity distributions? 2) Are the dynamic and hydrodynamic ingredients that generate extreme precipitation in the
models the same as those for observed extreme precipitation? Here, we address these questions by comparing model simulations to observations with respect
to the frequency distribution of precipitation intensity,
spatial variations in precipitation amount and seasonality,
and extreme precipitation circulation regimes. We focus
on the northeastern United States, a populous region that
has experienced notable increases in extreme precipitation over recent decades (Easterling et al. 2017), and
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examine historical simulations from 14 models in phase 5
of the Coupled Model Intercomparison Project (CMIP5;
Taylor et al. 2012), comparing to reanalysis data. This
analysis will provide additional insight to previous analyses of the CMIP5 models, and will also provide a useful
benchmark for assessing the next-generation CMIP
phase 6 simulations (CMIP6; Eyring et al. 2016), as they
become available.
Based on previous evaluations of the CMIP5 model
simulations and other general circulation models, both
resolution and realistic circulation have been found to
be important factors within similar model families in
producing realistic precipitation. Kusunoki and Arakawa
(2015) found that East Asian precipitation simulation
improved with better CMIP5 resolution, although most
models underestimated winter precipitation and overestimated summer precipitation in this region. Kopparla
et al. (2013) found that extreme precipitation was more
accurately modeled at higher resolution (although with
considerable biases remaining), using the CAM4 model
for areas of the United States, Europe, and Australia;
also, van Haren et al. (2015) found that higher-resolution
(25 vs 112 km) versions of the EC-EARTH model provided better simulation of European winter precipitation,
due to better storm tracks, and the resulting moisture
transport and convergence. Bador et al. (2018) found that
CMIP5 intermodel differences in projected changes in
precipitation were not significantly different if the models
shared the same atmospheric component, although
this was more apparent in the tropics, where the model
physics and parameterizations were more tightly coupled to circulation. Colle et al. (2013) investigated the
ability of CMIP5 models to reproduce cyclone genesis,
tracks, rate of development, and intensity, and found
that certain models perform better than others, based
largely, but not entirely, on resolution. In fact, Fereday
et al. (2018) found that circulation variability between
models was the leading cause of precipitation variability. Certain types of circulation features may be
easier to reproduce than others. Li et al. (2018) found
that a general circulation model set in weather forecast
mode for an extreme event in the Yangtze River valley
reproduced precipitation better when the associated
circulation features were larger in spatial scale. More
recently, Karmalkar et al. (2019) evaluated CMIP5
historical simulation monthly precipitation and temperature output for the U.S. Northeast using both
standard and process-based seasonal metrics, and found
that no one model performed well across all metrics and
seasons, but identified a subset of 16 models that together generated ‘‘credible’’ and ‘‘diverse’’ simulations
of precipitation and associated circulation suitable for
regional impact or prediction purposes.

VOLUME 33

Although this previous work highlights the importance
of model resolution and ability to reproduce appropriate circulation features associated with precipitation, only one of these studies relates specifically to the
U.S. Northeast, a region that has experienced a 55%
increase in 99th-percentile precipitation from 1958 to 2016
(Easterling et al. 2017). This increase includes more frequent
extreme precipitation during the warm season (Frei
et al. 2015) and more intense extreme precipitation
during the fall (Howarth et al. 2019). Here, we concentrate on this region, as a detailed climatology of
overall and extreme precipitation is available (Agel
et al. 2015), and the dynamics and thermodynamics
associated with extreme precipitation have been recently examined (Agel et al. 2019). Northeast precipitation has distinct seasonal cycles of daily intensity and
frequency. Frequency of precipitation peaks during
midwinter at inland locations, and during late spring
and early winter at coastal locations; whereas intensity
peaks in midsummer for inland locations, and during
late spring/early summer and again in early fall for
coastal locations. Extreme precipitation (top 1% of
days with precipitation) frequency peaks in late
summer/early fall at all locations, but extreme precipitation intensity shows less seasonal variation
(;50 mm day21 at inland locations and ;75 mm day21
at coastal locations).
Pattern analysis has proven to be an effective tool in
identifying circulation and other dynamical factors associated with extreme precipitation in this region (Ning
and Bradley 2014; Roller et al. 2016; Collow et al. 2016;
Agel et al. 2018). In Agel et al. (2019), six large-scale
meteorological patterns (LSMPs; see Barlow et al.
2019) of tropopause heights on extreme precipitation
days are identified, along with their associated dynamical mechanisms. Winter patterns of tropopause
height feature strong extratropical cyclones, with the
cyclone center located either along the southeastern
U.S. coast, with extreme precipitation driven by quasigeostrophic upward forcing, or to the south of the Ohio
Valley, with extreme precipitation driven by warm
conveyor belts situated along the coastline. Summer
patterns of tropopause height are associated with upperlevel ridging over the Northeast, with extreme precipitation associated with shortwaves and cold fronts in the
interior.
For this study, we identify midtropospheric LSMPs by
performing k-means clustering on a large-scale reanalysis
circulation field (500-hPa geopotential heights) for a set
of observed extreme precipitation days, which are based
on a high-resolution gridded precipitation dataset. A
similar analysis is performed for the selected CMIP5
models, using circulation and precipitation output fields
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FIG. 1. (a) Typing domain for extremes located in the blue shaded region and (b) classifiability index (CI;
Michelangeli et al. 1995) of k-means tests on MERRA-2 500-hPa geopotential heights on the top 1% of CPCU
precipitation days, 1980–2017, shown as solid blue line for k-means clusterings from k 5 1 to k 5 8. Shading
indicates one-sided 90% confidence interval for CI values using multiple random red-noise tests of data for similar
clusterings.

from the ‘‘historical’’ simulations. We choose 500-hPa
heights to identify key circulation characteristics, as this
field is readily available in the CMIP5 model suite, and
can capture major synoptic movement and structure.
This remainder of this study is organized as follows.
Data and methodology are presented in section 2, the
results of the study are presented in section 3, and the
results are summarized and discussed in section 4.

2. Data and methods
a. Observed extreme precipitation days
Extreme precipitation observations are defined as the top
1% wet-day (exceeding 0.2 mm) precipitation for the period
1980–2017 from the National Oceanic and Atmospheric
Administration (NOAA) Climate Prediction Center (CPC)
0.258 3 0.258 Daily U.S. Unified Precipitation (CPCU;
Chen et al. 2008), available at https://psl.noaa.gov/data/
gridded/data.unified.html, and based on station observations from the Global Historical Climatology Network
(Menne et al. 2012). The domain considered is the northeastern United States (hereinafter simply Northeast), defined as the states of Maine, New Hampshire, Vermont,
Massachusetts, New York, Connecticut, Rhode Island,
New Jersey, Delaware, Pennsylvania, Maryland, and West
Virginia (Fig. 1a). The 0.2-mm wet-day threshold was
chosen to allow better comparison to climate model precipitation, which tends to overdo ‘‘drizzle’’ (Sun et al. 2006;
Dai and Trenberth 2004). The extreme precipitation
threshold value varies from maximum values of near
60 mm day21 along coastal locations to 30 mm day21 at

the most western inland locations. We identify 3009 days
where extreme precipitation occurs within at least one
grid box in the domain.
Although grid-level extreme precipitation cannot be
interpreted in the same manner as extreme station observations (Chen and Knutson 2008), we find for this
application that the grid-level precipitation reasonably
reflects the observed regional climatology and regional
variations of the station data. CPCU characteristics are
compared to 31 Global Historical Climate Network
(GHCN) stations (see the online supplemental information), and while we find that CPCU does not capture
the full variation of observations at point sources (toofrequent precipitation and too-light intensity), the
gridded dataset is effective at qualitatively capturing
many of the precipitation characteristics we examine.
More important, the model gridded output is likely to
share these same issues, making our use of gridded
observations more comparable than point sources.
Sensitivity tests were run using all available grid locations in the domain, a selection of grids to mimic
previously studied station locations, a random selection of grids, and areal mean precipitation. The areal
mean precipitation resulted in poor duplication of
extreme values, while using either all grid boxes or a
subset of grid boxes provided a range of extreme
precipitation that was consistent with station observations.
In addition, since we are ultimately comparing observed precipitation characteristics to modeled characteristics, we also regrid the observations to each
of the CMIP5 model resolutions and note that the
upscaled characteristics we examine are not substantially
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TABLE 1. CMIP5 models used for the study.
Resolution
Model
ACCESS1.0

ACCESS1.3
CMCC-CESM
CMCC-CM
CMCC-CMS
CNRM-CM5

HadGEM2-CC
IPSL-CM5A-LR
IPSL-CM5A-MR
IPSL-CM5B-LR
MPI-ESM-LR
MPI-ESM-MR
MPI-ESM-P
NorESM1-M

Institute

Lat (8)

Lon (8)

CSIRO-BOM (Centre for Australian Weather and Climate Research,
Commonwealth Scientific and Industrial Research Organization;
Bureau of Meteorology, Australia)
CSIRO-BOM
CMCC (Centro Euro-Mediterraneo per I Cambiamenti Climatici)
CMCC
CMCC
CNRM-CERFACS (Centre National de Recherches
Meteorologiques; Centre Europeen de Reserches et de Formation
Avancee en Calcul Scientifique)
MOHC (Met Office Hadley Centre)
IPSL (Institut Pierre-Simon Laplace)
IPSL
IPSL
MPI-M (Max Planck Institute for Meteorology)
MPI-M
MPI-M
NCC (Norwegian Climate Centre)

1.25

1.88

1.25
3.71
0.75
1.87
1.40

1.88
3.75
0.75
1.88
1.41

1.25
1.89
1.27
1.89
1.87
1.87
1.87
1.90

1.88
3.75
2.50
3.75
1.88
1.88
1.88
2.50

different from those for the original resolution. Since
there is little difference in the results, we use the original
resolution of the CPCU dataset as our best estimate of
observed precipitation, both visually and to compare
characteristics to CMIP5 results.

b. Reanalysis circulation field
We use the National Aeronautics and Space Administration
(NASA) Modern-Era Retrospective Analysis for Research

and Applications, version 2 (MERRA-2; Gelaro et al.
2017) 500-hPa daily mean geopotential heights, 1980–
2017, available at https://disc.gsfc.nasa.gov/datasets?
keywords5"MERRA-2, to represent observed circulation on extreme precipitation days. The daily mean
field is converted to daily anomalies by removing the
long-term daily mean at each grid point. The long-term
daily mean is calculated at each grid point by taking the
mean of each yearday (i.e., 1 January, 2 January, etc.)

TABLE 2. Additional observation and CMIP5 model information, in descending order by resolution. Included are the number of grid
cells contained in the Northeast (NE) domain, the top 1% threshold value for wet days, the resulting number of extreme precipitation
days, the optimum number of k-means clusters of daily 500-hPa heights as determined by CI analysis (Michelangeli et al. 1995), the mean
correlation (corr) of the daily heights to those assigned cluster patterns, and the mean correlation of the same to k-means results using four
clusters.

Model
CPCU/MERRA-2
CMCC-CM
CNRM-CM5
ACCESS1.0
ACCESS1.3
HadGEM2-CC
IPSL-CM5A-MR
CMCC-CMS
MPI-ESM-LR
MPI-ESM-MR
MPI-ESM-P
NorESM1-M
IPSL-CM5A-LR
IPSL-CM5B-LR
CMCC-CESM

No. of
NE grids

Mean threshold for
extremes (mm)

No. of
extreme days

Best
k

Mean corr for
best k

Mean corr for
k54

925/186
104
29
24
24
24
20
15
15
15
15
11
7
7
4

40.72
47.20
38.35
38.89
38.98
36.68
37.92
41.35
37.32
36.97
37.07
24.76
32.61
49.12
35.97

3009
1579
1237
1567
1625
1411
1177
758
784
742
795
668
649
713
366

4
6
6
3
3
3
4
3
3
3
3
5
5
6
3

0.56
0.57
0.54
0.41
0.41
0.42
0.52
0.47
0.47
0.44
0.48
0.57
0.58
0.56
0.56

0.46
0.49
0.47
0.46
0.47
0.45
0.52
0.54
0.54
0.52
0.52
0.53
0.52
0.49
0.60
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TABLE 3. Metrics 1–6 are used to determine how well CMIP5 model precipitation simulates observed precipitation, and metrics 7–18 are
used to determine how well k-means clustering of CMIP5 500-hPa geopotential heights on extreme precipitation days matches observed
patterns of circulation on observed extreme precipitation days. Each metric describes the criteria for approximate correspondence to
observations.
No.

Metric

1
2

Top 1% threshold
Range of top 1% thresholds

3

Monthly precipitation frequency

4

Monthly precipitation daily intensity

5

Monthly extreme precipitation frequency

6
7

Monthly extreme precipitation daily
intensity
P1: Spatial distribution

8

P2: Spatial distribution

9
10

P3: Spatial distribution
P4: Spatial distribution

11

P1: Seasonal frequency

12

P2: Seasonal frequency

13

P3: Seasonal frequency

14

P4: Seasonal frequency

15

P1 / O1

16

P2 / O2

17

P3 / O3

18

P4 / O4

Assessment criteria
Mean threshold within 25th–75th percentiles of observed thresholds
10th–90th-percentile thresholds greater than observed 25th–75thpercentile thresholds
At least 11 out of 12 months within 10th–90th-percentile range for
observations
At least 11 out of 12 months within 10th–90th-percentile range for
observations
At least 11 out of 12 months within 10th–90th-percentile range for
observations
At least 11 out of 12 months within 10th–90th-percentile range for
observations
Greater than 15% decrease from TQR to EQR in southeast quadrant,
where TQR indicates the grids per quadrant/total grids, and EQR
indicates the extreme grids per quadrant/total extreme grids (or if no
southeast grids, no increases greater than 15% in any other
quadrant)
Greater than 5% increase from TQR to EQR in northeast and
southeast quadrants, and greater than 5% decrease in the northwest
and southwest
Less than j15%j difference from TQR to EQR in all quadrants
Greater than 15% decrease in southwest quadrant from TQR to EQR,
and greater than 15% increase in the northeast quadrant
JJA higher than 5%–95% confidence interval for all extreme days
(not just P1)
JJA lower than 5%–95% confidence interval for all extreme days
(not just P2)
JJA lower than 5%–95% confidence interval for all extreme days
(not just P3)
JJA lower than 5%–95% confidence interval for all extreme days
(not just P4)
P1 / O1 correlation (rmse) at least 10% larger (smaller) than
P1 / O2, O3, O4
P2 / O2 correlation (rmse) at least 10% larger (smaller) than
P2 / O1, O3, O4
P3 / O3 correlation (rmse) at least 10% larger (smaller) than
P3 / O1, O2, O4
P4 / O4 correlation (rmse) at least 10% larger (smaller) than
P4 / O1, O2, O3

over the 38 years, and smoothing the resulting 366-day
time series with a 21-day running mean.

c. CMIP5 models
Fourteen CMIP5 models were selected for this study,
based on availability (at the time of access) of 500-hPa
geopotential heights, total precipitation, and mean
sea level pressure (MSLP) fields associated with the
1950–2005 ‘‘r1i1p1’’ historical simulations. Table 1 lists
the models and associated information. Several of
the models belong to the same model ‘‘family’’ but with
varying resolution or underlying physics. The ACCESS1.0,
ACCESS1.3, and HadGEM2-CC models share similar
atmospheric components and grid resolutions, but

differ in the atmospheric physics and cloud parameterizations. The CMCC-CESM, CMCC-CM, and CMCCCMS models all share the same basic components, but
differ in resolution and time steps. The IPSL-CM5A-LR
and IPSL-CM5A-MR models differ only in resolution,
while the IPSL-CM5B-LR model uses a different set of
atmospheric physical parameterizations. The MPI-ESMLR and MPI-ESM-MR models differ only in resolution,
while the MPI-ESM-P model uses a different vegetation
and land use scheme. For details regarding the atmospheric, ocean, land, and ice components, as well as the
physics and moist process parameterizations for each
model, several resources are available, including https://
es-doc.org. The datasets are nearly complete, with the
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FIG. 2. CPCU 1980–2017 Northeast U.S. (a) grid locations, (b) top 1% wet-day threshold values at each grid location (mm; shaded),
(c) grid-level monthly mean number of wet days (days month21), intensity on wet days (mm day21), and total precipitation (mm
month21), with 5th–95th-percentile values shaded; (d) as in (c), but for extreme precipitation days. For (c) and (d) wet days are days with
precipitation of at least 0.2 mm day21.

following caveats: HadGEM2-CC data are only available through November 2005, IPSL-CM5A-LR is missing
six precipitation days, and MPI-ESM-LR is missing one
geopotential height day. Resolution varies from coarse
(3.718 3 3.758 for CMCC-CESM) to medium-high (0.758
for CMCC-CM).
For each of the models, extreme precipitation days are
identified using the same process as for the gridded observed precipitation (top 1% of wet days at each grid
location), and the model geopotential height field is
processed identically to the reanalysis geopotential height
field. Table 2 shows the number of grid boxes used to
evaluate extreme precipitation, the mean top 1%
threshold for extreme precipitation, and the resulting
number of extreme precipitation days for both the
observations and the 14 CMIP5 models, arranged
from highest to lowest resolution.

d. Typing methodology
The k-means clustering methodology (Diday and
Simon 1976; Michelangeli et al. 1995) is a technique
that separates input data into a preselected number of
nonoverlapping ‘‘clusters,’’ where each cluster is defined

by its centroid (the mean of the inputs assigned to that
cluster). Data are assigned iteratively to clusters based
on the nearest centroid (squared Euclidean point-tocentroid distance), after which the centroids are recalculated. This process is repeated until further
iterations no longer reduce the sum of the intracluster
variances. Here, the k-means methodology is based on
MATLAB’s built-in kmeans function, combined with an
objective technique from Michelangeli et al. (1995) to
determine the optimum number of clusters k, and the
most consistent partitioning for that k, for a given input
field (in this case, 500-hPa geopotential heights preprocessed as detailed above on extreme precipitation days). The technique essentially searches for the
k-means solution that maximizes the set of anomaly
correlation coefficients (ACC) between the clusters
of a trial partitioning and the clusters of all other trial
partitionings. The mean of this measure over all trials
(in this case, 1000) is called the classifiability index
(CI). CIs can be calculated for a range of k, and compared to CIs generated using random red-noise series
created from the original dataset. CIs that are above
the 90% confidence interval (one-sided), based on 100
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FIG. 3. Results of k-means clustering (k 5 4) of MERRA-2 500-hPa geopotential heights on CPCU 1980–2017 top 1% precipitation
days, with (a) the composite patterns (contours shown as thick black lines at 6-dam intervals; anomalies shown with shading in 6-dam
intervals; and mean sea level pressure shown as thin black lines at 2-hPa intervals); (b) pattern CPCU precipitation anomalies (shaded;
mm), with grid-level extreme locations located by black dots (for frequencies greater than 0.15%) and gray crossbars dividing the
region into four quadrants; (c) the seasonal frequency of the extreme days within each pattern, with gray shading indicating the 95%
confidence interval of seasonal frequency based on random sampling of all extreme days regardless of pattern assignment (with sample
size equal to the number of extreme days assigned to the pattern), and red, blue, and black bars indicating, respectively, values higher
than, lower than, and within the 95% confidence interval of this background frequency; (d) histograms of spatial correlations of all
pattern days to the pattern mean (in bins of 0.1); and (e) histograms of mean root-mean-square errors of all pattern days to the pattern
mean (in bins of 10 m).

red-noise trials, indicate k values that result in consistent, easily reproduced patterns.
The typing domain (308–508N, 1008–608W) is shown as
the thick-lined box in Fig. 1a. The input field (MERRA-2
500-hPa geopotential height anomalies on 3009 observed extreme precipitation days) is converted to
standardized temporal anomalies, arranged as a twodimensional space–time grid, and then further reduced through empirical orthogonal function analysis,
retaining 95% of the variance across the grids. The
results of the CI analysis suggest an optimum k of 4 or 6
clusters (Fig. 1b). We use the k 5 4 solution, as the four
patterns are insensitive to grid resolution (regridding to

lower resolutions, or alternatively selecting every other
grid, and retyping, does not change the basic four patterns), while the k 5 6 solution involves two patterns
that are minor variations of the other four patterns, each
of which matches the k 5 4 solution. The k-means process is repeated for each of the CMIP5 model 500-hPa
height fields (using extreme precipitation days as defined by the CMIP5 precipitation fields), and the k 5 4
CMIP5 solution is compared to the observed/reanalysis
solution. Table 2 shows the objectively determined best
k using the methodology described above, and the mean
correlation of individual days to their assigned patterns
for both the ‘‘best k’’ and k 5 4.
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FIG. 4. As in Fig. 2, but for CMCC-CM 1950–2005 daily precipitation. In (c) and (d) the blue line represents the model value, and the
red line and the gray shading represent the observed value and the 5th–95th-percentile values for the observations, respectively,
from Fig. 2.

We also perform k-means typing on the MERRA-2
height field regridded to 0.58, 1.08, 1.58, and 2.08 resolution (to mimic resolutions similar to those of the CMIP5
models), and note that the four-pattern solution is invariant to the resolution chosen, both in terms of visual
pattern, and the majority of days assigned to each
pattern.

e. Comparison of CMIP5 precipitation and
circulation to observations
To facilitate comparison across the 14 different CMIP5
models, we develop a set of metrics, shown in Table 3,
based in part on observed regional characteristics (Agel
et al. 2015). The metrics are chosen to 1) best capture the
main features of the observed precipitation and circulation patterns in this region, and 2) best capture the variations in the CMIP5 models to reproduce these features.
Similar methods have been used to evaluate CMIP5
performance (Jiang et al. 2015; Kusunoki and Arakawa
2015; Karmalkar et al. 2019) for other regions, each specific to the region of interest and specific climate features.
While the thresholds used are, of necessity, somewhat
subjective, they are chosen to be generous in terms of

assessing approximate correspondence between models
and observations. That is, if a model metric is not assessed as approximately corresponding to observations,
it is considered to be displaying a substantial difference
from observations (in most cases, outside the 10th–
90th-percentile range of the observational variation).
We use a total of 18 metrics. There are 6 metrics related to how well the models reproduce precipitation
and extreme precipitation, based on the mean threshold
for grid-level top 1% of wet days, regional variations in the
grid-level thresholds, and seasonal means of frequency
and daily intensity of both overall grid-level precipitation
and extreme grid-level precipitation. There are 12 metrics
related to how well each model’s extreme circulation
patterns match those of observations. For most of the
models, the four model patterns are qualitatively similar
to the four observed patterns and lend themselves to a
direct comparison to the observed patterns. The metrics
assess how well the model reproduces the spatial locations of extreme precipitation within the pattern, the
seasonality of extreme precipitation within the pattern,
and the correlation of the pattern to the similar observed
pattern. To facilitate evaluating the spatial locations of
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FIG. 5. As in Figs. 3a–c, but for k-means clustering of CMCC-CM 500-hPa geopotential heights on model 1950–2005 top 1% precipitation days, with (d) RMSE between each model pattern (P1–P4) and the four observational patterns (O1–O4), and (e) the spatial
correlation between each model pattern and each observational pattern. Asterisks above bars indicate RMSE (correlations) significantly
lower (higher) than expected due to random chance (by shuffling all model pattern dates and recalculating model pattern RMSE and
correlations) at the 0.05 level.

extremes within each pattern, we have divided the domain into four quadrants based on latitude 428N and
longitude 74.58W.

f. Sensitivity to time period
To maximize our sample sizes, we use different time
periods for observations (1980–2017) and the CMIP5
models (1950–2005). While potentially stronger trends
may exist in the former, the particular precipitation
characteristics we look at are invariant to the time period chosen. Specifically, the mean values for observed
(CPCU) regional top 1% thresholds and monthly
precipitation and extreme precipitation frequency and
intensity are nearly identical whether using data from
1950–2005 or 1980–2017. This is also the case for
CMIP5 models, in terms of using data from 1950–2005
or 1980–2005. There are only slight differences in the

10th–90th-percentile range of the underlying data for
both observations and models, based on the time period chosen. In addition, the k-means patterns themselves are invariant to the time period chosen, in terms
of visual appearance, and the days (common to both
time periods) assigned to the patterns. Because underlying trends do not have a substantial impact on our
results, we use the longer time periods for both observations and models to gain the largest sample sizes
and best statistical information.

3. Results
a. Observed extreme precipitation
A summary of observed precipitation characteristics
for the domain is provided in Fig. 2. The grid center
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FIG. 6. As in Fig. 4, but for CRNM-CM5.

locations are shown in Fig. 2a, along with the top 1%
precipitation threshold at each grid location (Fig. 2b).
The threshold increases from minimal values inland
along the Great Lakes to maximal values along the
coastline, consistent with climatology (Agel et al. 2015).
The 38-yr monthly climatology of precipitation frequency, daily intensity, and total precipitation is shown
in Fig. 2c. For the domain as a whole, there is more
frequent precipitation of higher intensity during the
warm months. A similar monthly climatology for extreme precipitation is shown in Fig. 2d, with the highest
frequency and intensity of extreme precipitation occurring during late summer. The reanalysis climatology
matches well with the station climatology established in
Agel et al. (2015), considering that the inland and coastal
locations here are combined into a single climatology.
In particular the monthly values for daily intensity and
daily extreme intensity are representative of the earlier
climatology.

b. Reanalysis geopotential height patterns
There are four observed 500-hPa geopotential height
patterns, or large-scale meteorological patterns (LSMPs),
associated with observed extreme precipitation days in
the Northeast, based on k-means typing (labeled O1–O4

in Fig. 3). Patterns O1 and O2 are characterized by more
zonal than meridional flow, with O1 featuring a slight
trough over the Northeast, and O2 featuring a slight
ridge over the Northeast. Both feature high surface
pressure to the southeast of the domain. O3 is characterized by a 500-hPa trough over the Great Lakes and a
ridge over the eastern portion of the domain, and surface low pressure over the eastern Great Lakes. O4 is
characterized by a deep upper-level trough over the
domain, with accompanying low surface pressure centered over Maine.
Figure 3b shows the locations (dots) where extreme
precipitation (shaded) occurs within each pattern, and
Fig. 3c shows the seasonal frequency of each pattern
(DJF, MAM, JJA, and SON). Precipitation associated
with O1 is not as extreme as for the other patterns, with
the majority of the extremes occurring to the west of
the domain, along the Great Lakes and along the
Pennsylvania–West Virginia mountain chains during
JJA. Anomalous precipitation in O2 is more widespread, with extremes occurring along the western and
southern portions of the domain. Anomalous precipitation occurs throughout the domain in O3, with the
majority of the extremes located to the southeast of
the surface low. For O4, the majority of the extreme
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FIG. 7. As in Fig. 5, but for CRNM-CM5.

precipitation occurs in Maine. For O2–O4, extreme
precipitation tends to occur less often during JJA and
more often during cool seasons than expected by chance
(opposite to that for O1).
In Fig. 3d, histograms of the spatial correlations of
individual days to their assigned patterns are shown,
while Fig. 3e shows histograms of the root-mean-square
errors (RMSE) between individual days and their assigned patterns. The ‘‘best’’ overall pattern fit should
theoretically show the steepest RMSE curve, with
the mean closest to zero, since k-means typing uses
Euclidean distance to fit individual days to patterns.
Spatial correlation, although not directly linked to the
k-means method, is also informative, and can potentially highlight the ‘‘best’’ overall fit of individual days
to the pattern in terms of placement and magnitude of
troughs and ridges. In this case, we anticipate the best
fits to show the steepest correlation curve, with the
mean closest to one. This is especially true for the
patterns with pronounced troughs and ridges (e.g., O3

and O4), which also have the highest overall correlations. For the predominantly zonal pattern O1, however, correlations show the worst overall fit, while
RMSE shows the best overall fit. This is not surprising,
as small anomalies in the zonal flow can lead to large
variations in spatial correlation. For this pattern, RMSE
may be the better choice to assess pattern fit.

c. CMIP5 precipitation and typing results
Similar analysis of model precipitation and circulation
fields is performed for each of the 14 CMIP5 models as
was done for precipitation observations and reanalysis
circulation fields. Each typing experiment produces an
optimum k separation for the dataset, based on the
Michelangeli et al. (1995) method. However, we look
specifically at the k 5 4 solution to facilitate direct
comparison to the observed/reanalysis solution. The
models range in their abilities to capture the regional
variation in top 1% thresholds, the seasonal cycles
of precipitation and seasonal precipitation, and the
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FIG. 8. As in Fig. 4, but for NorESM1-M.

dynamical circulation on the set of extreme precipitation days, including the pattern seasonality. Here we
show figures similar to Figs. 2 and 3 for two models with
substantial similarities to observed precipitation and
circulation on extreme days (CMCC-CM and CNRMCM5; Figs. 4–7) and two models with substantial differences from observed precipitation and circulation
fields (NorESM1-M and IPSL-CM5A-LR; Figs. 8–11),
based on the metrics established in Table 3. The similarities and differences are summarized in Fig. 12 for all
14 models. A complete set of summary figures similar to
Figs. 2 and 3 for all 14 models is supplied in the online
supplemental information.
Most of the models successfully produce a top 1%
mean precipitation threshold similar to observations,
and qualitatively show an inland-to-coastal increase
of the top 1% precipitation threshold, but few of the
models are able to reproduce the actual range of
thresholds (30–60 mm day21) seen in the observed
results. CMCC-CM and CNRM-CM5 (Figs. 4b and
6b) both come reasonably close to reproducing the
actual range, along with HadGEM2-CC, ACCESS1.0,
and ACCESS1.3 (not shown), although CMCC-CM
overdoes the threshold at most of the inland locations.
In contrast, both NorESM1-M and IPSL-CM5A-LR

produce thresholds well below those established by
observations, and without a significant range between
inland and coastal locations (Figs. 8b and 10b). While
low resolution may explain some of the difficulty these
models have in capturing a realistic range of extreme
precipitation values, we note that the observations
regridded to those models’ resolutions do capture an
appropriate range of values. The ability to reproduce
observed precipitation, particularly at the high end, also
does not appear to be entirely related to resolution, as
even higher-resolution products such as CMCC-CM do
not reproduce the precipitation range and thresholds as
well as the medium-resolution MPI-ESM-LR and IPSLCM5A-MR (not shown).
Only one of the models, CMCC-CM (Fig. 4c), reproduces the seasonal frequency of Northeast precipitation
days well. Most models produce too many days of precipitation during the warm months (e.g., Figs. 6c, 8c, and
10c). We note that this is the case even when the observations are first regridded to the resolution of the
CMIP5 model. In contrast, many of the models get the
seasonal values and variations in precipitation intensity
correct, ranging from 3 to 10 mm day21, with a slight
increase in the warm months. CMCC-CM and CNRMCM5 (Figs. 4c and 6c) both get the intensity ‘‘right,’’
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FIG. 9. As in Fig. 5, but for NorESM1-M.

while NorESM1-M (Fig. 8c) produces well below observed intensities year-round, and IPSL-CM5A-LR
(Fig. 10c) produces intensities outside the observed
range in May and September.
The seasonal frequency of extreme precipitation in
observations increases from the cold season to the warm
season, peaking in July–September. CMCC-CM and
CNRM-CM5 capture this well (Figs. 4c, 6c), while
NorESM1-M produces too much cold-season extreme
precipitation (Fig. 8c) and IPSL-CM5A-LR produces
too much March and April extreme precipitation (Fig. 10c).
For the other models, some produce too much warm-season
extreme precipitation (CMCC-CESM, ACCESS1.0,
ACCESS1.3) while others produce too much coldseason precipitation (MPI-ESM-LR, MPI-ESM-MR, and
MPI-ESM-P). On the other hand, all but one model
(NorESM1-M; Fig. 8c) capture the intensity of extreme
precipitation well, in both the value and the seasonality.
The k-means typing analysis produces four 500-hPa
geopotential height patterns that are visually very

similar to the observed patterns for the majority of the
models. Each of the models has an O1-like pattern, with
predominant zonal flow and a slight anomalous trough,
an O3-like pattern with a western trough and eastern
ridge, and an O4-like pattern, with a deep trough over
the Ohio Valley. The remaining pattern can be visually
quite different from O2, but in general has ridging in the
eastern part of the domain.
The four patterns (labeled P1–P4) are shown for
CMCC-CM (Fig. 5a), CNRM-CM5 (Fig. 7a), NorESM1-M
(Fig. 9a), and IPSL-CM5A-LR (Fig. 11a). The patterns
are arranged in the same manner as for observations,
with the slight Northeast trough at the top left, the
slight Northeast ridge at the top right, the Great Lakes
trough/surface low at the bottom left, and the deep
upper-level trough with accompanying low surface
pressure centered over Maine in the bottom right. We
test this placement by looking at both the spatial correlation and RMSE between each model pattern and
all four observation patterns (shown as grouped bar
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FIG. 10. As in Fig. 4, but for IPSL-CM5A-LR.

charts in Figs. 5d,e, 7d,e, 9d,e, and 11d,e). We expect the
highest correlations and lowest RMSE for similar patterns (i.e. P1 / O1, P2 / O2, P3 / O3, and P4 / O4).
Statistically significant values (at the 0.05 level) are indicated by asterisks above the bars. The statistical
significance is evaluated by comparing these RMSE
and correlation values to values obtained by randomly
sampling CMIP5 daily fields (all extreme precipitation
days), and using the sampled mean of the fields instead of
patterns P1–P4 to compare to observed patterns O1–O4.
CMCC-CM shows good visual matching to observations, except for P1, which has slightly more zonal flow
and P2, which has an enhanced ridge (Fig. 5a). P1 shows
the strongest correlation to O3 but, as noted for observations, this is due to small fluctuations of relatively
small anomalies, which more closely correlate to the
trough and ridge of O3. The RMSE value for P1 / O1
is the smallest of the patterns, as we would expect.
Likewise, the CNRM-CM5 patterns (Fig. 7a) are very
similar to observations, albeit with a more enhanced
ridge in P3. The patterns show high correlation and low
RMSE to the matched observation pattern, and lower
(or negative) correlation and larger RMSE to the other
three patterns. In contrast, NorESM1-M is visually quite
different from observations (Fig. 9a). For example, P2,

although it correlates well to O2 (Fig. 9e), is visually
quite different, with a shortwave trough over the Ohio
Valley. In addition, P3 appears to be a mix of the observed O2 and O3, and P4 appears to be a mix of O3 and
O4, based on spatial correlations and visual inspection.
For IPSL-CM5A-LR, the P3 pattern shows a shiftedwest trough and an enhanced eastern ridge (Fig. 11a).
Based on RMSE (Fig. 11d) and spatial correlation
(Fig. 11e), pattern P3 appears to be a mix of O2 and O3,
while P4 appears to be a mix of O3 and O4. These
enhanced troughs and ridges in the CMIP5 extreme
patterns may be related to model dynamics that produce heaviest precipitation in conjunction with extratropical cyclones, as opposed to other dynamical
processes. Depending on the model physics and parameters, this may also be related to the resolution of
the model (Colle et al. 2013).
The separation of extremes is captured well by some
models (CMCC-CM, MPI-ESM-LR and MPI-ESM-P)
and poorly by others (IPSL-CM5B-LR). In part this is a
function of grid size: the lower-resolution models may
not have enough grid boxes within the quadrants defined
by 428N, 74.58W to evaluate this feature with any skill.
For CMCC-CM (Fig. 5b) we see extremes more likely to
occur away from the southeast quadrant in P1, toward
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FIG. 11. As in Fig. 5, but for IPSL-CM5A-LR.

the west in P2, centered among the quadrants in P3, and
to the northeast in P4, as for observations. For CNRMCM5 (Fig. 7b), there are more northeast extremes in P1
and P2 than in O1 and O2, respectively. For NorESM1-M
(Fig. 9b) and IPSL-CM5A-LR (Fig. 11b), patterns P1–P3
appear to have extremes distributed nearly equally across
the quadrants (no grids occur in the southeast quadrant).
All the models except IPSL-CM5B-LR mimic observations in favoring the northeast quadrant for extremes in
pattern P4.
Finally, we evaluate the seasonality of extremes within
each model pattern. Observations show that there are
more extremes than expected during JJA in P1 (the
near-zonal pattern with a slight trough), and conversely
fewer extremes than expected during JJA in the other
patterns (at the 0.05 level of significance). Both CMCCCM and CNRM-CM5 show this same feature (Figs. 5c
and 7c), as well as NorESM1-M (Fig. 9c) and IPSLCM5A-LR (Fig. 11c). In fact, all models show the
highest frequency of extremes in P1 to occur during

JJA, although not all show the decreased frequency of
JJA extremes in the other patterns. In addition, some
models do not reproduce the observed overall seasonal
distribution of extremes. For example, IPSL-CM5ALR has the highest number of extremes during MAM,
whereas NorESM1-M has the highest number of extremes during SON.
Figure 12 summarizes these results, using the precipitation and pattern metrics described in Table 3, with an
‘‘3’’ representing a substantial departure from observations, and a green dot representing an approximate
correspondence to observations for each metric. The
overall best-performing models, based on these metrics,
are CMCC-CM and CNRM-CM5, with the best overall
matching of both precipitation and pattern metrics. For
the precipitation metrics, the higher-performing models
are ACCESS1.0, CMCC-CC, CMCC-CMS, CNRMCM5, and HadGEM2-CC, with 4 green dots each,
while the lowest-performing models are IPSL-CM5ALR and NorESM1-M, with 1 and 0 green dots, respectively.
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FIG. 12. Assessment of CMIP5 models based on 6 precipitation-related metrics and 12
k-means clustering-related metrics of 500-hPa geopotential heights on extreme precipitation
days, as defined by Table 3. An ‘‘3’’ represents a substantial departure from observations,
while a green dot represents an approximate correspondence to observations. The three right
columns contain counts of green dots for the precipitation metrics, the pattern metrics, and all
metrics, respectively.

The lower-performing precipitation models in general
have lower resolution.
The best-performing models in duplicating observed
circulation patterns associated with extreme precipitation are CMCC-CM and MPI-ESM-LR, with counts of
10 green dots each, followed by ACCESS1.3 and CNRMCM5, with counts of 9 green dots each. The poorestperforming models in the category are CMCC-CESM,
IPSL-CM5B-LR, and MPI-ESM-MR, with 6 green
dots each. One interesting result is that despite substantial differences from observations based on the
precipitation metrics and being the lowest-resolution
model in this set, the NorESM1-M model reproduced
many of the observed pattern features, including
correlation, location, and preference of JJA extremes
in zonal pattern P1.

and extreme frequency and intensity of daily precipitation, and circulation regimes determined by cluster
analysis. The key results are the following:
d

d

d

4. Summary and discussion
For the northeastern United States (hereafter simply
Northeast), the ability of 14 CMIP5 models to reproduce
key regional characteristics of observed overall precipitation, extreme precipitation, and extreme precipitation circulation regimes is assessed. The comparison is
made in terms of regional values for extreme precipitation (top 1% of wet days), seasonal cycles of overall

d

d

There is a wide range of model ability to reproduce
observed extreme precipitation, with some models
overproducing heavy precipitation and others underproducing heavy precipitation.
Few models capture the full seasonal cycle of both
overall and extreme precipitation frequency (most
models produce too-frequent precipitation), although most have considerable similarity to observations in terms of the observed seasonal range
of daily intensity.
Model resolution may not be as important as other
factors in generating realistic precipitation frequency and intensity. However, lower resolution
does appear to severely curtail the ability to realistically reproduce the observed inland–coastal variations in precipitation.
Most of the models reproduce the main features of
observed circulation patterns on extreme precipitation days (even those that were poor at reproducing
observed extreme precipitation itself).
Many models appear to underrepresent extreme precipitation that is not related to extratropical cyclones,
and thus the extreme precipitation circulation patterns
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tend to feature ‘‘enhanced’’ versions of the observed
patterns of troughs and ridges.
Several of the models evaluated, in particular ACCESS1.0,
CMCC-CC, CMCC-CMS, CNRM-CM5, and HadGEM2CC, performed reasonably well with regard to the
precipitation metrics, while ACCESS1.3, CMCC-CM,
CNRM-CM5, and MPI-ESM-LR performed particularly
well at reproducing the observed extreme-precipitationrelated circulation. While no one model closely replicates all aspects of observed Northeast precipitation and extremes-related circulation considered here,
there is value in understanding the limitations and
strengths of each of these models in producing reasonable projections. While higher-resolution products tend
to score higher based on the metrics used here, resolution alone is not a proxy for better performance, suggesting that model physics and parameterization are also
playing an important role.
The metrics used here are developed to be specific to
the Northeast region and are chosen to highlight the
main characteristics of the regional observed precipitation and circulation, while capturing the range of abilities of the CMIP5 models to match these metrics. The
intent of the study is not to define any CMIP5 model as
‘‘good’’ or ‘‘bad’’ at reproducing the characteristics of
historical precipitation, but instead to provide information on the range of CMIP5 region-specific precipitation
characteristics that are prominent in observations.
As CMIP6 historical runs become available, a similar
analysis is planned to determine how well the CMIP6
models replicate observed Northeast precipitation and
extreme precipitation, and its associated circulation.
The results here will provide a useful benchmark for
considering the changes from CMIP5 to CMIP6. Of
particular interest is the degree to which improved resolution and physical parameterizations will relate to improvements in the simulation of extreme precipitation.
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