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Abstract When applied to precipitation on large forecast domains, the probability‐matched ensemble
mean (PM mean) can exhibit biases and artifacts due to using distributions from widely varying
precipitation regimes. Recent studies have investigated localized PM (LPM) means, which apply the PM
mean over local areas surrounding individual points or local patches, the latter requiring far fewer
computational resources. In this study, point‐wise and patch‐wise LPM means are evaluated for 18–24‐hr
precipitation forecasts of a quasi‐operational ensemble of 10 Finite‐Volume Cubed‐Sphere (FV3) forecast
members. Point‐wise and patch‐wise LPM means exhibited similar forecast performance, outperforming PM
and simple means in terms of fractions skill score and variance spectra while exhibiting superior bias
characteristics when light smoothing was applied. Based on the results, an LPM mean using local patches of
60 × 60 km and calculation domains of 180 × 180 km is well suited for operational warm‐season
precipitation forecasting over the contiguous United States.
Plain Language Summary

Weather and rainfall are often predicted using ensembles of
numerical weather forecast models. The skill of the ensemble consensus is often better than any
individual forecast, and valuable information about the range of possible outcomes and model uncertainty is
gained. In this study, different methods for implementing a localized probability‐matched mean (LPM
mean) are examined. The LPM mean is designed to produce a more accurate consensus from a forecast
ensemble while retaining local structures that other consensus methods fail to capture. Two LPM variations
were examined for predicting accumulated precipitation—one computed at every model grid point and
another on patches containing many nearby points. Both methods produced similar results and
outperformed traditional ensemble consensus algorithms. The patch‐based method took 1 to 2 orders of
magnitude less time to compute. Operational weather providers should consider using the patch‐based LPM
mean algorithm to efﬁciently compute ensemble rainfall forecasts.

1. Introduction
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An ensemble of numerical weather prediction (NWP) model forecasts generally provides a more accurate
prediction than a single deterministic forecast, along with valuable information on the range of possible outcomes. Obtaining a judicious consensus from an ensemble can, however, be challenging, particularly for
complex features with sharp boundaries such as convective storms, fronts, and areas of rainfall. One straightforward ensemble consensus method is to take the point‐wise mean of the ensemble members. This simple
mean often has lower error than individual ensemble members for large‐scale features (e.g., Murphy, 1988;
Snook et al., 2019; Snyder & Zhang, 2003). However, for forecasts containing complex small‐scale features,
or considerable variation and displacement of features among ensemble members (as often occurs for convective storms and precipitation), the simple mean is often overly smooth, high‐biased in coverage, and
low‐biased in intensity, with very few extreme values (e.g., Clark, 2017; Ebert, 2001; Snook et al., 2019;
Surcel et al., 2014).
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To address the shortcomings of the simple mean for quantitative precipitation forecasts (QPF), Ebert (2001)
introduced the probability‐matched ensemble mean (PM mean), which calculates the simple mean but
replaces its numerical values with the distribution of values found in the individual ensemble members.
The resulting ﬁeld has the spatial distribution of the simple mean without reduction in high‐intensity values.
In studies focusing on intense convective precipitation, the PM mean has consistently been found to produce
more skillful forecasts than the simple mean (e.g., Clark et al., 2009; Schwartz et al., 2014; Snook et al., 2019;
Xue et al., 2011).
While the PM mean is generally viewed as more useful than the simple mean for QPF, it still has shortcomings. For example, Surcel et al. (2014) found that the gains in skill from the PM mean result from reduced
variability at small scales relative to individual ensemble members. This variability is important to retain
because it can indicate to forecasters the spatial scale and variability of potential hazards (e.g., ﬂash ﬂooding,
severe weather) forecast by individual ensemble members. Also, Clark (2017) found that, over large
domains, the PM mean systematically redistributes precipitation amounts from different regions, resulting
in expansion of large heavy precipitation regions and shrinking or elimination of smaller ones. Thus, the bias
characteristics over localized regions in the PM mean can be very unrepresentative of individual ensemble
members. Potential therefore exists for improving the PM mean by limiting the domain from which the distribution is calculated. To this end, Clark (2017) introduced the localized probability‐matched mean (LPM
mean), which calculated the PM mean at each grid point, restricting the calculation to a speciﬁed inﬂuence
radius and mitigating the loss of local structure common to the PM mean (Surcel et al., 2014).
While Clark's point‐wise LPM mean outperformed the PM mean at large scales and improved the spatial
structure of the resulting forecast, it requires calculation of the PM mean within the inﬂuence radius at
every model grid point, making the method exceedingly computationally expensive. To confer the beneﬁts
of the LPM mean with reduced computational expense, Snook et al. (2019) developed a patch‐wise LPM
mean. Herein the relative forecast performance and computational costs of point‐wise and patch‐wise
LPM algorithms are examined and compared to those of the PM mean and simple mean using data from
the 2018 Center for Analysis and Prediction of Storms (CAPS) Finite‐Volume Cubed‐Sphere (FV3)
storm‐scale ensemble forecast (SSEF). The point‐wise and patch‐wise LPM algorithms are described in
section 2, and a brief summary of the CAPS FV3 SSEF is provided in section 3. The relative performance
of the ensemble consensus products is presented in section 4. Finally, conclusions and discussions are
presented in section 5.

2. The LPM Mean
The LPM mean applies the PM mean locally within a radius of inﬂuence around either a point (point‐wise
LPM) or a collection of nearby points (patch‐wise LPM), to spatially limit the forecast distribution considered for the mean. This is achieved using a local calculation domain centered on (but extending beyond)
the point or patch in question; only forecast values within this domain are used to compute the LPM mean
for that point or patch. While Clark (2017) used a circular domain, a rectangular domain can also be used.
Rectangular domains were used by CAPS for calculating the patch‐wise LPM of the CAPS SSEF during
testbed experiments in 2017 and 2018 (e.g., Snook et al., 2019) and will be used in this study.
A conceptual illustration of the point‐wise and patch‐wise LPM means is shown in Figure 1 for diagonally
adjacent grid cells (Figure 1a) or patches (Figure 1b). For rectangular calculation domains, the point‐wise
LPM (Figure 1a) is a special case of the more general patch‐wise LPM (Figure 1b) with a patch size of
1 × 1 grid points. To calculate the LPM mean, the PM mean (Ebert, 2001) is calculated over the calculation
domain, and values within the patch are used for the LPM mean ﬁeld. For the point‐wise LPM, this calculation is performed once for each grid point (Figure 1a); for the patch‐wise LPM, this calculation is performed
over the calculation domain of each patch (Figure 2b, lighter shading), with values corresponding to points
within the patch (Figure 2b, darker shading) retained for use in the resulting LPM ﬁeld. All patches are then
stitched together, and a smoother is optionally applied. Calculation domains of nearby patches have considerable overlap; this, optionally combined with the smoother, minimizes patch edge discontinuities in the
LPM mean ﬁeld.
The LPM mean conﬁguration can be deﬁned in terms of three factors: LPM patch dimensions (1 × 1 for the
point‐wise LPM), calculation domain dimensions, and smoother settings. The dimensions of the calculation
SNOOK ET AL.
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Figure 1. Conceptual illustration demonstrating (a) point‐wise and (b) patch‐wise LPM means. In (a), calculation
domains (light red and blue shading) for the point‐wise LPM mean are shown for two diagonally adjacent grid cells
(bright red and blue shading). Panel (b) shows the same for the patch‐wise LPM mean for two diagonally neighboring
patches.

domain control the degree of localization, while the patch size strongly impacts the computational
requirements of the LPM mean, as each patch requires one PM mean calculation (over that patch's
calculation domain). To reduce computational expense, it is thus desirable to use the largest patches
possible without degrading forecast quality. Appropriate smoother settings, including the choice of
smoothing function and how aggressively to smooth, can help minimize patch discontinuities. The
optimal choice of smoother settings depends upon a variety of factors, including the size of the domain
and the spatial scale of the forecast features of greatest interest. For this study, patch‐wise LPM means are
calculated following Snook et al. (2019), using 60 × 60 grid point calculation domains and a Gaussian
smoother with a standard deviation equal to the grid spacing (3 km).

3. Data
Data used in this study are from the CAPS FV3 SSEF, which was run during the 2018 National Oceanic and
Atmospheric Administration (NOAA) Hazardous Weather Testbed (HWT) Spring Forecasting Experiment
(SFE) (Zhang et al., 2019). The SSEF consists of 10 FV3 members run on a two‐way nested grid; the global
outer grid has a 13‐km horizontal grid spacing, and the inner grid covers the contiguous United States
(CONUS) at a variable horizontal grid spacing averaging approximately 3.5 km. Forecasts were initialized
at 0000 UTC, from the 0000 UTC run of the operational Global Forecast System on weekdays between 30
April and 1 June 2018 (25 days in total). Prior to LPM mean forecast generation, nested‐grid data are interpolated onto the Cartesian 3‐km CONUS grid of the Community Leveraged Uniﬁed Ensemble (CLUE)
(Clark et al., 2018).
Ensemble diversity is provided by variation in microphysical and planetary boundary layer (PBL) parameterizations. Microphysical schemes used include the Thompson (Thompson et al., 2008) and National
Severe Storms Laboratory (NSSL) (Mansell et al., 2010) schemes. PBL schemes used include the Yonsei
University PBL scheme (Hong et al., 2006) and its scale‐aware variant (Shin & Hong, 2015), the Mellor‐
Yamada‐Nakanishi‐Niino (MYNN) scheme (Nakanishi & Niino, 2006) and its scale‐aware variant, and
the Eddy‐Diffusivity Mass‐Flux scheme (Han et al., 2016). These ﬁve PBL schemes and two microphysical schemes allow each of the 10 members of the SSEF to have a unique combination of microphysics
and PBL scheme. Further details regarding SSEF model settings are discussed in Zhang et al. (2019). In
this study, in order to compare and evaluate the performance of different ensemble consensus products,
we will focus on forecasts of 6‐hr accumulated rainfall valid 24 hr after forecast initialization.
SNOOK ET AL.
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Figure 2. Comparison of (a) observed accumulated precipitation for 1800 UTC 28 May to 0000 UTC 29 May 2018, as well as ensemble consensus precipitation
accumulation over the same period using (b) the simple mean, (c) the PM mean, (d) the point‐wise LPM, (e) the patch‐wise LPM, (f) a patch‐wise LPM using
coarse 40 × 40 patches, and (g–i) versions of the LPM variants shown in panels (d)–(f) smoothed using a Gaussian smoother with a standard deviation of 3 km.

4. Results
Veriﬁcation of QPF is challenging, as point‐by‐point metrics such as the equitable threat score (ETS) are
strongly impacted by phase and timing errors (e.g., Ebert, 2008). Neighborhood methods are thus generally
preferred for verifying convection‐allowing forecasts. We use several skill metrics to robustly evaluate model
performance, including ETS, frequency bias, fractions skill score (FSS) (Roberts & Lean, 2008), and
two‐dimensional variance spectra (Denis et al., 2002; Surcel et al., 2014). The latter two methods are
intended to objectively compare the structure of observed and forecast precipitation at different spatial
scales. Because improved computational efﬁciency is a primary objective of the patch‐wise LPM algorithm,
statistics on execution time for point‐ and patch‐wise LPM algorithms are also presented. Stage IV precipitation estimates (Lin & Mitchell, 2005) are chosen as the observation data set for QPF veriﬁcation. Hourly
Stage IV data, originally on a 4‐km grid, are interpolated to the 3‐km CLUE grid and summed to correspond
to the 6‐hr precipitation forecasts being veriﬁed.
4.1. Spatial Structure of LPM Mean Forecasts
To illustrate the spatial structure of different ensemble consensus products, forecasts of 6‐hr accumulated
precipitation from 1800 UTC 28 May to 0000 UTC 29 May 2018 are compared in Figure 2 for the simple
SNOOK ET AL.
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Figure 3. Mean (a) fractions skill score (FSS) and (b) normalized variance spectra, plotted as a function of horizontal
length scale, calculated over the 2018 HWT SFE period, for 6‐hr accumulated precipitation in 18–24‐hr CAPS SSEF
forecasts valid 0000 UTC the day after initialization. Shown are the simple mean (light green), PM mean (dark green),
and various LPM mean conﬁgurations. LPM means include smoothed (dotted lines) and unsmoothed (solid lines)
variants using both point‐wise (orange) and patch‐wise algorithms, including patches of three sizes (red: 10 × 10; purple:
20 × 20; blue: 40 × 40). The minimum skillful FSS value is indicated by the horizontal gray line in panel (a). The mean
normalized variance spectrum of Stage IV rainfall accumulation is shown (thick black line) for comparison in panel (b).

and PM means, as well as point‐wise and patch‐wise LPM means, including smoothed variants and patch
sizes of 10 × 10 (Figures 2e and 2h) and 40 × 40 (Figures 2f and 2i) grid points, for precipitation
associated with convective storms over the Great Plains. Observed precipitation is shown for comparison
(Figure 2a). The characteristic smoothed features and limited magnitude of the simple mean is evident,
particularly over western Kansas (Figure 2b). The PM mean includes some more intense precipitation
(Figure 2c) but, like the simple mean, smooths out localized precipitation maxima in, for example,
southern Nebraska. All LPM mean variants (Figures 2d–2i) exhibit very similar spatial structure over this
subdomain; the LPM means (Figures 2d–2i) exhibit greater localized variation in precipitation magnitude
compared to the PM mean (Figure 2c). The higher maxima in the LPM means better represent the
forecasts from individual ensemble members (see supporting information Figures S1 and S2) than the
simple mean (Figure 2b) and the PM mean (Figure 2c). However, because none of the individual
ensemble members forecast the extremely high observed precipitation amounts in northwest Kansas,
none of the methods capture the most intense observed maxima. Patch boundary discontinuities are
largely absent in the LPM mean ﬁelds, evident only in the unsmoothed coarse LPM (e.g., in southwestern
Kansas), suggesting that relatively large patches can feasibly be used. These general patterns hold true in
other portions of the domain, including for a landfalling tropical cyclone along the gulf coast (see
Figures S2–S4).
Veriﬁcation from the full 2018 HWT SFE period using FSS with an accumulated precipitation threshold of
25 mm is presented in Figure 3a. FSS measures the similarity between a forecast and observations in terms of
fractional coverage of an event at different spatial scales and can be used to determine the minimum scale at
which the forecast has useful skill (Roberts & Lean, 2008). The simple mean performs quite poorly in terms
of FSS, failing to attain a skillful FSS at any scale. The PM mean exhibits a minimum skillful scale (the smallest scale for which the FSS exceeds the useful skill threshold of 0.54) of approximately 95 km, compared to
65–75 km (unsmoothed) and 80–100 km (smoothed) for the LPM means. The unsmoothed LPM outperforms
the PM in terms of FSS at all scales; smoothing reduces FSS performance of the LPM slightly, though even
the smoothed LPM outperforms PM at scales larger than the minimum skillful scale. The point‐wise and
patch‐wise LPM conﬁgurations perform similarly, although when weak smoothing is applied, LPM calculated using larger local patches exhibits slightly higher FSS (Figure 3a).
The spatial structure of 6‐hr accumulated precipitation in LPM, PM, and simple mean forecasts is compared
to that of observed 6‐hr precipitation using variance spectra in Figure 3b. As for the FSS in Figure 3a, spectra
are averaged for 18‐ to 24‐hr forecasts of 6‐hr accumulated precipitation valid 0000 UTC the day after forecast initialization over the full 2018 HWT SFE period. The mean spectrum of Stage IV estimated 6‐hr
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precipitation accumulation is also shown. The overly smooth simple
mean exhibits much lower variance than the observations at all scales
smaller than 1,000 km, while the PM and LPM means remain much closer
to the observed spectrum. However, the PM mean overpredicts variance at
scales larger than about 300 km, while the spectra of the LPM means
remain very close to the observed spectrum even at the largest scales.
This is consistent with behavior reported for 2016 and 2017 ensemble forecast results using the patch‐wise LPM with a WRF‐ARW ensemble in
Snook et al. (2019). LPM patch size has little impact on variance spectra
for patches of up to 40 × 40 grid points (Figure 3b). Difference in variance
spectra among LPM conﬁgurations is largely attributable to smoothing;
when smoothing is applied, variance is drastically reduced for scales smaller than about 40 km (this is expected, as smoothing using a Gaussian ﬁlter with a standard deviation of one grid point is designed to minimize
near‐grid‐scale noise and patch boundary discontinuities).
4.2. LPM Mean Forecast Skill

Figure 4. (a) Equitable threat score (ETS) and (b) frequency bias (BIAS),
calculated over the 2018 HWT SFE period, for 18–24‐hr accumulated
precipitation forecasts valid 0000 UTC the day after initialization. Shown
are the simple mean (light green), PM mean (dark green), smoothed PM
mean (dashed dark green), and various LPM means. LPM means include
smoothed (dotted lines) and unsmoothed (solid lines) variants using
point‐wise (orange) and patch‐wise algorithms with patches of several sizes
(red, purple, and blue). In panel (b), the horizontal dotted gray line
indicates an unbiased forecast (BIAS of 1.0).

While our main focus is on spatial structure, as the LPM mean is designed
to retain local features, it is also important to consider forecast skill using
more traditional skill metrics. In Figure 4, forecast skill is evaluated using
ETS (Figure 4a) and frequency bias (Figure 4b). ETS of 18‐ to 24‐hr rainfall
forecasts is greatest for light precipitation, with little skill for thresholds
exceeding 20 mm. ETS is similar among all ensemble consensus products,
though it is slightly higher for the PM than for the LPM for all thresholds.
The simple mean exhibits the poorest performance for thresholds greater
than approximately 10 mm (Figure 4a). Applying smoothing results in
very little change to ETS for both PM and LPM products. Note that, at
the grid‐scale, Clark (2017) also found that the PM mean performed better
than the LPM mean, but when increasingly large neighborhoods were
used to compute ETS, this reversed with the LPM mean having higher
scores.

For frequency bias (Figure 4b), the simple mean exhibits a severe low bias
for thresholds exceeding 8 mm, while the PM and the unsmoothed LPM
means exhibit a high bias for larger thresholds; this high bias is largest
in the PM mean. LPM mean bias behavior is greatly improved when weak
Gaussian smoothing is applied, with bias of near 1.0 over all thresholds.
When the same smoothing is applied to the PM mean, a substantial high
bias remains, particularly for thresholds exceeding 20 mm (Figure 4b). In
terms of both bias and ETS, the LPM patch size has little impact on forecast performance (Figure 4b). Note
that, although both smoothed and unsmoothed LPM means have biases closer to 1.0 relative to the PM
mean, this indicates the biases of the LPM means are generally lower than individual ensemble members.
Clark (2017) noted similar behavior for the LPM mean but applied a function to slightly inﬂate precipitation
amounts so that they were more in line with the members. Biases consistent with ensemble members may or
may not be desirable depending on preferences of the user and/or ensemble characteristics.
4.3. Computational Expense of the LPM Mean
Because the LPM mean requires performing multiple PM mean calculations on overlapping subdomains, it
is much more computationally expensive than the PM mean and simple means. To examine differences in
computational expense in detail, PM and simple means and point‐wise and patch‐wise LPM means were calculated 100 times for a 240 × 240 subdomain. The average runtime is shown in Figure 5. Runtime varied by
at most 2% for any conﬁguration during testing. Timing tests were performed using Python (including
NumPy) implementations of the products on one processor of a Linux (CentOS 6) cluster. Figure 5 uses a
logarithmic scale for wallclock time.

SNOOK ET AL.
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Figure 5. Wallclock runtime for Python implementations of the simple mean, PM mean, and various conﬁgurations
of the point‐wise and patch‐wise LPM mean over a 240 × 240 grid point subdomain for 10 members at one forecast
time. The 5th and 95th percentiles for timings for each conﬁguration are shown in the table in the upper right.

The LPM mean is substantially more computationally expensive than the PM and simple means, with computation time depending strongly on patch size. The point‐wise LPM mean requires 2 orders of magnitude
more computation time than the 10 × 10 patch‐wise LPM mean; this disparity increases to more than 3
orders of magnitude compared to the 40 × 40 patch‐wise LPM mean. The computational cost of smoothing
is negligible compared to the impacts of patch size. Because of the high computational cost of using the
point‐wise LPM or patch‐wise LPM with small patches, relatively large LPM patches are likely necessary
for real‐time implementations.

5. Summary and Conclusions
Point‐wise and patch‐wise implementations of the LPM mean are compared using the 2018 CAPS FV3 SSEF.
The LPM mean applies probability matching over localized domains, either around a grid point or a local
patch, to generate an ensemble consensus forecast which retains small‐scale structures and uses only local
information. For prediction of 6‐hr accumulated precipitation using a convection‐allowing model on a continental scale, patches of up to 20 × 20 grid points can be used without introducing noticeable discontinuities
along patch boundaries.
The LPM mean performs similarly to the PM mean in terms of ETS and exhibits superior bias behavior, particularly when weak smoothing is applied, though for ensembles with different bias properties tuning of the
smoother might be required. When spatial structure is considered, the LPM mean outperforms the PM and
simple means, exhibiting a substantially smaller minimum skillful scale in terms of FSS and higher FSS overall for scales greater than around 100 km. The LPM mean also exhibits superior precipitation variance spectra compared to the simple mean (which underpredicts variance at small scales) and the PM mean (which
overpredicts variance at large scales). Varying the size of the LPM patch from a single point to 40 × 40 points
resulted in only small changes to precipitation forecast performance for the objective skill metrics
considered.
While the LPM mean, even in its patch‐wise form, is more computationally expensive than the PM and simple means, its ability to retain local structures and magnitudes is valuable. For example, precipitation forecasts using the patch‐wise LPM mean produced by CAPS during the 2017 and 2018 Hydrometeorology
Testbed Flash Flood and Intense Rainfall (FFaIR) experiments were subjectively rated as more useful
SNOOK ET AL.
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than simple or PM mean forecasts by FFaIR participants (Albright & Perfater, 2018). Based upon these tests,
the patch‐wise LPM mean was recommended for operational implementation and has been tested in a prototype version 3 of the High Resolution Ensemble Forecast (HREFv3), where it was found to exhibit good
performance, particularly in terms of bias (M. Pyle, personal communication, 18 July 2019), though it underperformed PM for ETS at low precipitation amounts.
It should be noted that CAPS SSEF consists of only 10 members; for larger ensembles, differences among the
ensemble mean, the PM mean, and the LPM mean might be larger due to increased diversity among a larger
number of ensemble members. We also note that the impact of using the LPM mean instead of the PM mean
is greatest when the size of the local domains used in the LPM are much smaller than the full forecast
domain, so the potential difference between the LPM mean and the PM mean will be less for smaller regional forecast domains or when very large local LPM domains are used. For operational implementations,
using LPM patches which are as large as possible without introducing patch boundary discontinuities is generally optimal given the strong inverse correlation between LPM patch size and LPM mean runtime.
Optimal smoother choice depends upon a variety of factors, including the size of the forecast domain and
the spatial scale of the features of greatest interest. Overall, given the extreme computational cost of the
point‐wise LPM mean (or a patch‐wise LPM mean with small patches) and the relative similarity in objective
forecast performance of different LPM conﬁgurations, a patch‐wise LPM mean using relatively large patches
(~20 × 20 grid points), with weak smoothing to improve bias performance, is recommended for precipitation
forecasting with convection‐allowing NWP model ensembles.
Data Availability Statement
Precipitation data used in this study are available online (at ftp://ftp.caps.ou.edu/snook_2020_grl).
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