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ABSTRACT

This paper utilizes statistical and statistical-dynamical methodologies to select, from the full
observational record, a minimal subset of dates that would provide representative sampling of
local precipitation distributions across the contiguous US (CONUS). The CONUS region is
characterized by a great diversity of precipitation-producing systems, mechanisms and large-
scale meteorological patterns (LSMPs) which can provide favorable environment for local
precipitation extremes. This diversity is unlikely to be adequately captured in methodologies
which rely on grossly reducing the dimensionality of the data — by representing it in terms of
a few patterns evolving in time — and thus requires data thinning techniques based on high-
dimensional dynamical or statistical data modeling. We have built a novel high-dimensional
empirical model of temperature and precipitation capable of producing highly statistically
accurate surrogate realizations of the observed 1979—1999 (training-period) evolution of these
fields. This model also provides skillful hindcasts of precipitation over the 2000-2020
(validation) period. We devised a subsampling strategy based on the relative entropy of the
empirical model’s precipitation (ensemble) forecasts over CONUS and demonstrated that it
generates a set of dates that captures a majority of high-impact precipitation events while
substantially reducing a heavy-precipitation bias inherent in an alternative methodology based
on the direct identification of large precipitation events in the Global Ensemble Forecast
System (GEFS, version 12) reforecasts. The impacts of data thinning on the accuracy of
precipitation statistical post-processing, as well as on the calibration and validation of the

Hydrologic Ensemble Forecast Service (HEFS) reforecasts are yet to be established.
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SIGNIFICANCE STATEMENT

High-impact weather events are usually associated with extreme precipitation, which is
notoriously difficult to predict even using highly resolved state-of-the-art numerical weather
prediction models based on first physical principles. The same is true for statistical models that
use past data to anticipate the future behavior likely to stem from an observed initial condition.
Here we use both types of models to identify the timing of initial conditions, over the historical
climate record, that are likely to produce extreme precipitation events. We show that the overall
statistics of precipitation over contiguous US can be encapsulated in a greatly reduced set of
initial conditions, which makes testing and validation of hydrological forecast models and the

associated decision support much less computationally expensive.

1. Introduction

The statistical post-processing of weather forecasts has been shown to be extremely useful
for ameliorating model biases and extracting usable forecast signal amidst the noise due to
chaotic error growth and sampling due to limited ensemble size (Hamill and Whitaker 2006;
Hamill et al. 2006, 2013, 2015; Scheuerer and Hamill 2015). Post-processed forecasts are
typically more skillful and reliable, rendering them useful for automated decision support.
Large sample sizes of reforecasts are particularly helpful in four particular situations: (a) the
post-processing of rare events, (b) the post-processing of longer-lead events, where usable
signal is small, noise is large, and forecasts are for time-averaged quantities. While the
production of a long, complete time series of reforecasts is desirable for such situations, the
computational expense of reforecasting scales linearly with the reforecast sample size.
Objective methods that can indicate what subset of dates are the most important to generate
reforecasts are greatly desired. Given the national forecast responsibilities of the National
Weather Service (NWS), that subset of dates should ideally be large enough to provide the

necessary training and validation data over the contiguous US (CONUS).

There are several challenges to be anticipated with designing a procedure for reforecast
sub-sampling. One challenge of sub-selecting past dates is that they will be less useful for
training if the dates are based on the existence of observed high-impact weather such as heavy

precipitation. In such a case, the training data is biased toward the existence of high-impact
3
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events, and post-processed guidance will likely over-forecast them. Accordingly, we seek
methodologies for deciding on which dates to use that avoid the use of validating observations
but instead use only information such as the initial condition state or the existence of conditions

related to severe weather at a similar date noted in previous reforecasts.

Yet another challenge could be the under-sampling of more commonplace events. Were
such a reforecast sub-sampling procedure designed for a very limited geographic area, dry
weather or light/moderate precipitation could be drastically under-sampled, leading to poor-
quality guidance of more common weather events. However, suppose a methodology is
developed to identify past cases with high-impact weather separately for multiple regions
across the CONUS. We would anticipate that high-impact weather in one region would
coincide with more commonplace weather in other regions, thereby avoiding under-sampling
of more commonplace events when forming the overall sample. Thus, reforecasts conducted
from a union of the identified dates, we hypothesize, should be adequate for training of both

common and uncommon weather-forecast post-processing.

In subsampling, and thereby reducing, the number of historical dates on which
reforecasting is conducted, the “thinned” reforecasts must facilitate end-user applications, such
as hydrologic forecasting, watch/warning operations, and decision support. Here, it is
important to establish that the reforecast sample size can be reduced, materially (i.e., saving
meaningful computational resources), without an unacceptably negative impact on the quality
of the hydrologic forecasts and associated decision support, particularly for large and extreme
events. The NWS Office of Water Prediction (OWP) currently uses and plans to use
meteorological reforecasts for a wide variety of hydrologic modeling applications. For
example, the Hydrologic Ensemble Forecast Service (HEFS: Demargne et al. 2014) is used by
the thirteen River Forecast Centers (RFCs) of the NWS to produce reliable and skillful
hydrologic forecasts for, among other things, informing flood forecasting operations and
managing water resources. The HEFS ingests weather and climate forecasts from the various
meteorological models, including the Global Ensemble Forecast System (GEFS: Guan et al.
2021; Hamill et al. 2021; Zhou et al. 2021), and produces ensemble streamflow forecasts for
the short to the long range. The HEFS depends on a large sample of meteorological reforecasts
to: 1) downscale and bias-correct the precipitation and temperature forecasts used in the

hydrologic models; 2) validate the HEFS, particularly for large and extreme events; and 3)
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support myriad decision support applications and end-users, such as the New York City
Department for Environmental Protection (NYCDEP), who require hydrologic (re)forecasts to

help manage the NYC water supply.

Recent work by OWP suggests that the sensitivity of the HEFS to reforecast sample size
originates primarily from the need to validate the HEFS and provide guidance for large and
extreme events (refs?). This is not surprising, because the statistical modeling used in the HEFS
is relatively parsimonious, whereas decision makers are particularly interested in the accuracy
of the HEFS for large and extreme events. In order to demonstrate that a “thinned’
meteorological reforecast can adequately support validation and decision support with the
HEFS, it is important to conduct hydrologic reforecasting, both with and without data thinning,
and demonstrate that: (a) The HEFS can be calibrated using a thinned sample without an
unacceptable decline in forecast quality (e.g. without residual biases from under- or over-
sampling large and extreme events), as demonstrated through statistical validation, and; (b) any
increase in validation sampling uncertainty does not materially impact the ability of OWP to
guide strategic investments in the HEFS or to support decision makers in using historical

(validation) information, particularly for large and extreme events.

The methodologies described below should estimate probabilities of large and extreme
events (cases) across the US, but the underlying methodology may estimate probabilities for
subdomains of the US and then combine them. In this study, we will evaluate the importance
of a case based on the forecasts of precipitation exclusively. While hydrologic predictions can
be sensitive to other weather variables such as temperature and melting level, these are likely
to be second-order effects which will be ignored here to generate a benchmark solution.
Furthermore, this paper will only deal with the construction of an optimal thinned sample based
solely on the meteorological information; the actual hydrologic forecasting and validation will

be reported on in a future companion publication.

The rest of the paper is organized as follows. Section 2 provides scientific background that
illustrates our thought process in developing a novel statistical methodology to model
precipitation and introduces our proposed case selection techniques. These methodologies are
described in detail and their performance is evaluated in sections 3 and 4, respectively. Section

5 contains a summary of the paper, as well as some discussion and outlook. Some of the more
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technical figures are placed in the Supplemental Information, which also includes a link to the

data sets used or generated in this study.

2. Background and proposed methodologies

a. Statistical downscaling and prediction of precipitation

Statistical prediction (and downscaling) methods for precipitation are based on the
(extensively studied) association between extreme precipitation and recurrent large-scale
meteorological patterns (LSMP), which provide favorable environment for smaller-scale
processes often underlying the extreme precipitation events (although not all such events are
tied to LSMP). Barlow et al. (2019) reviewed, among other things, the types of meteorological
synoptic systems and mechanisms for extreme precipitation LSMPs for the North America
region and found a great diversity of LSMPs depending on the geographical location and
season. LSMPs are distinct from teleconnection patterns in that the LSMPs are conditioned on
the occurrence of a specific event (here, extreme precipitation), whereas classical
teleconnections are not. The most intuitive way of defining the LSMP is through compositing,
although a variety of other methods are available, including regression-based and cluster-
analysis methods (Grotjahn et al. 2016). For example, Robertson et al. (2016) used K-means
cluster analysis (Robertson and Ghil 1999) of the reanalysis wind data over North America to
identify seven distinct large-scale circulation types and tie some of them to enhanced
probability of springtime flooding events in the Midwest of the US. We note here that while
identifying a small subset of large-scale recurrent patterns — independent of precipitation —
to classify weather states is an attractive methodology, it is apparently at odds with the extreme-
precipitation LSMPs’ diversity mentioned above; hence, the practical utility of such

methodologies to downscale precipitation is likely to be quite limited.

Classical regression approaches such as canonical correlation analysis (CCA: Wilks 2011)
also have a limited applicability to short-term precipitation modeling due to non-Gaussian and
intermittent nature of precipitation; however, they may be suitable and have been utilized for
the prediction of seasonal rainfall both directly (Sinha et al. 2013) and as an auxiliary tool for
selecting external predictors in conjunction with alternative methodologies (Holsclaw et al.
2016). The most widely used class of the latter alternative methods for statistical modeling,

6
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downscaling and prediction of precipitation involves, in one way or another, generalized linear
models (GLM: McCullagh and Nelder 1989) — an extension of classical linear regression
models to simulate the (conditional) expectation of a non-Guassian distributed variable (such
as precipitation) as a function of external predictors (exogenous variables) associated with non-
stationary forcing (seasonal, anthropogenic or otherwise related to the climate variability
external to the climate sub-system of interest) or, of most relevance to the present discussion,
with the occurrence of LSMPs. These models are typically constructed to estimate probability
of daily precipitation at a grid point (or weather station) level (for example, Furrer and Katz
2007), although some generalizations to multiple stations accounting for spatial correlations
between them are also available (Kenabatho et al. 2012). Manzanas et al. (2018) fitted separate
GLM models to downscale daily precipitation occurrence and, separately, daily precipitation
amount at each grid cell using upper-air predictors simulated by multi-model seasonal climate
hindcasts over the Philippines. They showed that this methodology can yield a significant
forecast skill improvement for seasonal precipitation prediction over that of raw forecasts in
cases where the dynamical model predicts large-scale exogenous variables better than it

predicts the precipitation itself.

An alternative approach to precipitation modeling over a spatially extended array of grid
points or stations — a Hidden Markov model approach — assumes the existence of a few
discrete “hidden” weather states that capture spatial dependencies of rainfall probabilities
within the region considered, with Markovian daily transitions between these states tied to
exogenous predictors via GLM regression; in the latter case these models are referred to as
non-homogeneous Markov models: NHMM (Robertson et al. 2004). Holsclaw et al. (2016)
developed a combined HMM-GLM approach, in which a weather state HMM model is
complemented by a GLM model that can modify individual (hidden) states at a station level in
response to external predictors (rather than the probabilities of transitions between fixed states,
as in NHMM). We speculate that this approach would also be challenging to adapt for faithful
modeling of extreme precipitation over the entire CONUS, where, once again, the heaviest tails
of local precipitation distributions are associated with a multitude of precipitation producing
systems (Barlow et al. 2019), rather than with a small number of weather states and/or

exogenous predictors.

b. Present approaches
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To summarize the above discussion, neither classical linear regression-based methods nor
clustering or HMM methods are directly suitable for statistical modeling and prediction of
precipitation over the entirety of CONUS due to non-Gaussian and intermittent nature of
precipitation and a great diversity of precipitation-producing systems/mechanisms in this
region, respectively. GLM regression methods may work at a grid-point level but will still
require the choice of exogenous dynamical variables based on a subjective zoning of the area;
these methods are also incompatible with automated linear regularization and predictor-
selection techniques such as CCA or (closely related) partial least squares methods (PLS: Wold
et al. 1984).

Here we address these difficulties via a new methodology based on statistical modeling of
the so-called pseudo-precipitation field, which uses column integrated water vapor saturation
deficit as a negative complement to precipitation (Yuan et al. 2019). Pseudo-precipitation is
thus characterized by a more symmetric distribution than the actual precipitation, opening up
a possibility of utilizing standard linear regression methods for its modeling. Furthermore, in
contrast to classical precipitation field, pseudo-precipitation patterns provide, additionally,
information on both the synoptic-scale and anisotropic mesoscale environment (including
LSMPs) in which local precipitation occurs, making it ideally suited for linear inverse
modeling (LIM: Penland 1986; Penland and Sardeshmikh 1995) and related data-driven
modeling methodologies (Kravtsov et al. 2005, 2009, 2016, 2017). The LIMs exhibit sub-
seasonal forecasts skill comparable to that of state-of-the-art numerical weather prediction
(NWP) models (see, for example, Winkler et al. 2001) and, most importantly, are able to isolate
initial states associated with useful predictability of its own, as well as of NWP-model based
forecasts (Newman et al. 2003; Albers and Newman 2019). This property can be helpful for
identifying potentially predictable high-impact precipitation events — the main focus of the
present study. The proof-of-concept mesoscale-resolving regional inverse models of surface
temperature over CONUS have been developed and tested before (Kravtsov et al. 2017); these
models are complex enough (yet numerically efficient) to provide an overarching description
and forecast utilization of LSMPs associated with local weather extremes. We expect the same
statement to be true for the combined surface temperature/pseudo-precipitation modeling we

propose here.
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In addition to the above (main) purely statistical and numerically efficient methodology,
we will also develop and test a procedure for selecting an optimal thinned subsample of
representative dates by utilizing the GEFSv12 reforecasts of precipitation for the 2000-2019
period. This procedure would allow one to conduct a (greatly) reduced number of hydrologic
hindcasts to estimate the adequacy of the reduced sample for the post-processing, validation
and end-user needs. However, it is much more computationally demanding than the proposed
purely data-driven methodology insofar as it still requires, in the first place, the full-blown
meteorological reforecasts of the entire climate state to determine the thinned subsample, which
somewhat defies the purpose of data thinning. Full, every-day reforecasts were available for
the GEFS versions 10 (Hamill et al. 2013) and 12 (Guan et al. 2021), but such full records may
not be available in the future to be subsampled. Yet, the present dynamical/statistical ad-hoc
algorithm based on the GEFSv12 reforecasts can be considered a control against which to
evaluate our main statistical modeling methodology, and, in what follows, we describe this

algorithm first.

3. Data sets and methodological details

a. Selecting reforecast case dates based on heavy precipitation in GEFSv12 reforecasts

We argue here that a metric of an event’s extremeness should be based on precipitation
magnitude as opposed to, say, the quantile of today’s forecast relative to its climatological
distribution (for example, a 0.1-inch forecast in the desert may be an extreme event relative to
the local climatology but still of marginal significance to hydrologic applications). In the
present methodology, the importance of a case for potential selection was judged based on the
0-10-day total GEFSv12 ensemble-mean reforecast precipitation P;,, sampled daily over the
20002019 period for each of the 18 CONUS regions associated with distinct 2-digit
Hydrologic Unit Codes (HUC-2 units: https://nas.er.usgs.gov/hucs.aspx). Some case choices
were based on large ensemble-mean precipitation averaged over the entire HUC-2 unit, while
others were optimized on the top 20% of grid points inside that HUC-2 unit (at the 0.25°
resolution) to emphasize smaller-scale impactful events. A small number of cases were also
based on large CONUS-wide ensemble-mean precipitation. More specifically, the

subjectively chosen breakdown of cases was as follows:
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(a) 30% of the total cases were optimized based on the maximum 10-day ensemble mean
precipitation in that HUC-2 unit. After choosing a case day on this criterion, an ad-hoc de-
weighting of the day before and the day after was applied so they are less likely to be
chosen. However, we find that the algorithm often chooses case days separated by at least 2

days (which can be easily adjusted if desired).

(b) 60% of the total cases are optimized based on the maximum 10-day ensemble-mean

precipitation at the 20 grid points within that HUC-2 that have the largest mean precipitation.

(c) The remaining 10% are chosen based on maximal CONUS-averaged ensemble-mean

precipitation.

In developing the above merged set of dates from across the subdomains, we chose the first
case date from each subdomain unless it was a repeat. Then we proceeded to the second ordered
case date in each subdomain, the third, and so forth, until we have reached n total cases, where
n is an adjustable pre-determined size of the thinned sample. The lists of presumed important
cases were developed separately for the warm (April-September) and cool season (October—

March), with n = 520.

The resulting procedure produces a list of dates with an irregular sampling in time, which
i1s to be expected if there exist long periods with no hydrologically significant activity
(assuming the GEFSv12 mean precipitation to be a reasonable proxy for such an activity)
which the algorithm aims to skip to provide more samples when there is strong forcing. The
clustering around the largest storms from multiple initial conditions/issued datetimes is
controlled, to an extent, by our de-weighting procedure, which involves a trade-off: on the one
hand, we don't want a lot of shared information between samples; on the other hand, we do
want to sample the largest events from several issued datetimes (and, hence, lead durations).
Other adjustable parameters include the total number of cases » and the proportions of cases

associated with each of the case categories (a, b, ¢) above.

We will hereafter refer to the thinned sample produced by the above procedure as samplea;
illustrative examples from this sample will be presented alongside with the results from our

alternative, purely data-driven methodology presented below.
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b. Selecting reforecast cases using EMR (Empirical Model Reduction) statistical model
1) DATA SETS AND VARIABLES: INTRODUCING PSEUDO-PRECIPITATION

We analyzed data from the National Center for Environmental Prediction North American
Regional Reanalysis (NARR) (http://www.esrl.noaa.gov/psd/data/gridded/data.narr.html);
Messinger et al. (2006), using daily “observations” on a 349x277 grid with nominal horizontal
resolution of 32 km and 29 pressure levels, over the 1979-2020 period; about a third of these
data are from locations over land, leading to ~30000 data points in each of the ~365 (days per
year) X42 years~15000 maps for a single-level field. The NARR data set has been widely used
in the climate downscaling community (see Zobel et al. 2018 and references therein). Bukovsky
and Karoly (2007) found that NARR provides faithful estimates of the observed precipitation
over CONUS, although some biases exist over Canada due to a relatively poor quality of the

assimilated data there.

We utilized NARR data sets for the (daily) accumulated precipitation Pr and 2-m air
temperature T,. We also used the air temperature T and specific humidity Q data at all available
pressure levels to compute the air dryness D related to the column-integrated water-vapor
saturation deficit (Yuan et al. 2019). In an air column of area §A, the mass of water vapor ém

to be added to achieve saturation throughout the column is

p

O0A
om =64 [ (b, = pus)dz = 84 [ (0, = o) S0 = = [@-eyap.

d

P9
Here z is the geometric height, p is the pressure, p and p,, are the dry-air and water-vapor

densities, respectively, the subscript s denotes the quantities for saturated air and g = 9.82 m

s is the gravity acceleration. The specific humidity of saturated air Q; can be computed as

(Bolton 1980):

( 17.67T ) )

eS
=2 o =6112
Qs = &7 es = 6.112exp (7777

p
where € = 0.62198 is the ratio of the molecular weights of water and dry air, es is the
saturation water-vapor pressure, and air temperature T is expressed in °C. Air dryness D is

defined as the equivalent water depth associated with the quantity dm in (1):

11
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301  where p,, = 1000 kg m™ is water density. The air dryness in (3) can be thought of as a negative
302  complement to precipitation and used to construct the so-called pseudo-precipitation field PP,
303  which is, here, equal to the actual precipitation Pr if Pr > 0.001 m day' or to Pr + D
304  (essentially, the air dryness D) otherwise.

Pseudo -precip. (m/day); June 1, 1979
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1-0.02
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1-0.02

-0.04
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305

306

307  Figure 1: Pseudo-precipitation (PP) (top), as well as precipitation Pr (bottom) on June 1, 1979, derived
308  from the NARR reanalysis (m). White areas in the bottom plot are either outside of the NARR domain

309  or, otherwise, have zero Pr.
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The PP field incorporates the information about both precipitation, which can exhibit
small-scale intermittent structures, and multi-scale synoptic environment (see Fig. 1); it thus
provides a promising, yet unexplored way to characterize and predict, statistically, wet and dry
weather conditions. One of its attractive features is that the distribution of PP, unlike that of
Pr, is a single-mode, two-tailed distribution, which makes PP more similar to other dynamical
and thermodynamic variables describing atmospheric state. This opens up a possibility for
using standard methodologies developed previously for temperature and flow-field analysis
and modeling (CCA, LIMs) to analyze and model pseudo-precipitation and, hence, its positive

part associated with the actual precipitation.
2) EMR MODELING OF PRECIPITATION

We here apply advanced methods for high-dimensional statistical data modeling to identify
potentially predictable large/extreme precipitation events. This idea is rooted in the
demonstrated ability of a sub-class of such inverse models — LIM models (section 2b) to

“forecast the forecast skill” (Albers and Newman 2019).
(i) General methodology

The Empirical Model Reduction (EMR: Kravtsov et al. 2005, 2009, 2016, 2017) is a
generalization of LIM data modeling methodology to incorporate memory effects in the
postulated parametric form of this empirical model’s evolution operator. The model
construction usually takes place in a reduced phase space (for example, the space associated
with L leading Empirical Orthogonal Functions (EOFs) of the field(s) simulated, in which case
the state of the system on a given day is described by the L-valued vector of PCs x. The EMR
emulator models the evolution of PCs using the following multi-level form (three levels are

shown below):
dx =x-AD +r®,
dr(l) — [r(l) X] . A(Z) + r(z)’ (4)

dr(z) — [r(z) r(l) x] . A(3) + r(3),

13
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where the differentials on the left-hand side denote the daily increments of the corresponding
variables. The first model level in isolation, with the residual r*) represented, at the simulation
stage (see below), by the spatially correlated white noise, would make up a classical LIM model
(for example, its 1-D analog would be the AR-1 red-noise model widely used to test for
statistical significance of spectral peaks in a time series). Instead, in the EMR modeling, daily
increments of the first-level residual dr are in turn modeled as a linear function of the
extended predictor vector [r(l) X] to form the second level of the multi-level regression model
(4). In the same way, the third level connects the daily increments of the second-level residual
dr® and the extended predictor vector [r® r™ x| involving the variables from the previous

two model levels.

The matrices of the model coefficients A and the level residuals are found by a regularized
multiple linear regression (MLR) and depend on the seasonal cycle at the monthly resolution.
While the residuals of the first and second level may involve serial correlations, the last level’s
residual r® is typically white in time (otherwise, additional levels can be added). Note that
while the model construction procedure is sequential from the first level down to the last level,
the equations (4) — when rewritten as one equation containing the time-lagged variables —

are formally equivalent to the autoregressive moving average model (ARMA: Box et al. 1994).

The model (4) can provide independent realizations of observations that are statistically
very similar to the input data. At this stage of model simulation, the residual forcing at the third
model level r® is replaced by a random forcing, which can involve simultaneous or lagged
spatial correlations between different PC “channels” and depend on the simulated state x
(effectively making the model nonlinear). One can also use the EMR model for statistical
forecasting of the out-of-sample data. Trivial linear transformation of the simulated PCs

provides the data simulation or forecasts in the original physical space.

While the original LIM models, as well as the EMR methodology above, have been
typically applied to fairly low-dimensional subsets of meteorological data, Kravtsov et al.
(2015, 2017) demonstrated its applicability to larger or higher-resolution data sets such as
regional surface temperature (Kravtsov et al. 2017) and precipitation. In the latter case, most
relevant to the present project, the EMR modeling of combined T, and PP fields resulting from

an hourly, 16-km-resolution Japan regional reanalysis was successfully used by AIR
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Worldwide (Boston, MA) for flood-risk assessment over Japan (Boyko Dodov 2016, Director
of Flood Modeling, personal communication). We here build an analogous combined T,/PP
daily EMR model over CONUS and utilize it to identify potentially predictable large and

extreme precipitation events to be included in the final thinned subsample.

(it) EMR application to NARR T, /PP data

All model construction steps, including the identification of seasonal cycle and initial data
compression, were done using the NARR’s 1979-1999 (training period) data. We built our
EMR model (4) in the phase space of 3000 common EOFs of the daily 2-m air temperature and
pseudo-precipitation (section 3b.1) anomalies with respect to the mean seasonal cycle
computed by the linear regression of raw daily data onto the first five harmonics of the annual
cycle. The maps of climatological standard deviation of these anomalies (over the 1979—1999
period) are shown in Supplemental Fig. S1. The EOF identification only used land grid points
(hence, the assessment of model performance should in principle also focus on the land region).
We first computed 1000 leading EOFs of T, and 3000 leading EOFs of PP field, normalized
the corresponding individual PCs by the standard deviation of the leading PC of each field and
applied an additional EOF rotation to the data set of concatenated T,,/PP individual normalized
PCs, finally retaining the leading 3000 common PCs so obtained. These PCs were again
normalized by the standard deviation of their own PC-1, while the corresponding dimensional
EOF patterns were found by regressing the individual fields onto these common PCs (note that
these patterns only represent the actual common EOFs over the land region and should be
interpreted as a teleconnection pattern over ocean). To initialize model forecasts performed
over the validation period (2000-2020), we projected the anomaly data there (again, with
respect to the 1979-1999 mean seasonal cycle) onto common T,/PP EOFs computed above.
For the back transformation, to produce the patterns in physical space from a map of individual-
day PC loadings (as obtained, for example, from our EMR model simulations), one is to simply
add all of the 3000 individual EOF patterns multiplied by the corresponding loadings, on top
of the mean seasonal cycle. The EOF truncation errors associated with the procedure above are
shown in the supplemental Figs. S2 (training period) and S3 (validation interval) and
demonstrate a fairly high accuracy (small errors) over CONUS for both T, and PP data,

sufficient for a faithful representation of extreme hydroclimatic events in the region.
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The EMR model construction and simulation technical steps follow Kravtsov et al. (2017),
except here we are only modeling the evolution of daily fields and thus disregard the sub-daily
and monthly model tiers employed there. Note that all of the model operators in (4) are season-
dependent at monthly resolution. For example, to estimate the model parameters for January,
we consider the December—January—February (DJF) subset of daily data and use a regularized
(PLS) version of multiple linear regression for each of the three model levels sequentially. At
the simulation stage, the third-level residual r® is simulated by pulling its randomized 5-day
snippets from the library of actual residuals obtained during the model construction stage. This
random forcing selection is also season-dependent, so that, for example, if the current time
step is in January, the DJF subset of r® library is used for that purpose. To avoid unnecessary

discontinuities, the consecutive random forcing snippets were overlapped by two days and

added with the weights (v/3/2,1/2) and (1/2,+/3/2) before phasing out the previous snippet

of r® completely.

We used the EMR model above in two ways: first to produce, from random initial
conditions, 100 synthetic realizations of the 2-m air temperature and precipitation (positive
pseudo-precipitation) 1979-1999 evolution and assess how well the model captures the
observed statistical characteristics of these fields (section 4a). Second, we ran 0—10-day 100-
member ensemble forecast of temperature and (pseudo) precipitation for each of the 2000—
2020 initial conditions to assess the model’s predictive skill (section 4b) and eventually utilized
these forecasts to develop and test an innovative methodology for reforecast thinning (section
4c). Since our interest here is in extreme precipitation events, we will focus below on the
simulation of precipitation; the present EMR performance in modeling temperature will be

considered elsewhere.
3) CASE SELECTION USING EMR ENSEMBLE FORECASTS

In principle, the EMR ensemble-mean hindcasts of the 0—10-day total precipitation P;, can
be processed in exactly the same way as the GEFSv12 reforecasts to produce an alternative
representative subset of events of impact, as described in section 3a; the outcome of such a
procedure, which results in the thinned sample we will refer to as sampleg, are briefly discussed
at the very end of section 4c . However, a large size of the EMR hindcast ensemble (possible
to achieve due to this model’s numerical efficiency) makes it possible to develop an alternative

methodology that involves relative entropy of the EMR hindcasts; this methodology will be
16
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introduced below and described in detail in section 4c. We will call the thinned sample

produced by this EMR based method simply a “sample” or an “EMR-RE sample.”
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Figure 2: A JJA-season sequence of
daily surface precipitation maps (m)
from: (left) arbitrary [random]
realization of EMR model; (right)
NARR reanalysis. Day “1” in a panel
caption would correspond to June 1,
1979. White areas in the bottom plot
are either outside of the NARR

domain or, otherwise, have zero Pr.
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4. Results

a. Using the EMR model as an emulator of daily precipitation evolution

Preliminary inspection of the EMR-model daily precipitation simulations in physical space
obtained by simply considering the positive pseudo-precipitation reveals model biases in the
distribution of precipitation events (not shown). To eliminate these biases, we apply quantile
mapping (for each of the DJF, MAM, JJA, SON seasonal subsets) to each 1979-1999 model
simulation of pseudo-precipitation to make the simulated local distributions of this quantity
identical to those based on the original 1979-1999 NARR data. Specifically, the observed
1979-1999 and simulated 2000-2020 PP time series at a given grid point and for a given season
(DJF, MAM, JJA, SON) were sorted in the ascending order, upon which the sorted 2000-2020
simulated values were replaced by the sorted 1979-1999 observed values, then put back in the
original order (cf. Hamill 2018). This procedure automatically ensures the identical local (i.e.,
a given grid point’s) precipitation distributions between the model and NARR reanalysis as
well. However, the spatiotemporal characteristics of sequences of daily precipitation maps are
entirely due to dynamics embedded in the EMR model’s propagator. Examples of such
sequences for the warm and cold season are shown in Fig. 2 and supplemental Fig. S4,
respectively and give one a visual impression of how well the model matches the space—time
structure of the observed stationary and propagating precipitation patterns; the external link to
longer sequences is also available in the Supplemental Information.

We also compute, for future use, daily time series of day 0—10 cumulative precipitation
(Py1o) and display its (seasonal) mean and 99'" percentile in Figs. 3 and 4, respectively. Note
that while the simulated local daily precipitation distributions are fixed due to quantile
mapping, the simulated and observed distributions of P;, can be different if the spatial scales
or persistence/intermittency of the simulated precipitation differ from the observed
characteristics. However, this does not seem to be the case here, with the simulated P;, mean
entirely consistent with observations (Fig. 3). The simulated P;’s 99" percentile (Fig. 4) is
a slight overestimate compared to observations (including large areas over land), reflecting,
perhaps, a slightly overly persistent local precipitation anomalies, but the overall match

between the simulated and observed P, distributions is still very good.
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Figure 3: 1979-1999 seasonal climatology of the 0—10-day total precipitation at the surface — P;q
(mm). Left: climatology based on an ensemble of 100 EMR model simulations; right: the difference
between the simulated and NARR based P; climatology, with stippling indicating the regions over
which this difference is of the same sign for more than 97 realizations (so, effectively, is statistically

significant at the 5% level).
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Figure 4: The same as in Fig. 3, but for the 99" percentile of P;,.
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b. EMR model predictive skill

To initialize the EMR model forecasts starting from a given day » within the 2000-2020
validation interval, we assume that the observable state vectors x at days n, n—1 and n—2 are all
known. This, however, still requires us to solve for the values of the hidden-level variables r("
and r® at the initial day n, which involves two pre-steps of the model (4) driven by a random
r® forcing that ensure dynamical consistency [within the model (4)] of the hidden-state
variables with the observables x,, X,-1, X,—2. After these pre-steps, the model is integrated
forward in a normal way until the time n+10. This procedure is repeated for all of the available
initial conditions. Upon transformation back to physical space, the collection of PP forecasts
for a given lead time is, again, quantile mapped to the 1979—1999 local daily PP distributions;
finally, zeroing out the negative values of this quantile mapped PP forecast gives the final
forecast of the daily precipitation at this lead time, for each initial condition. Summing up the
precipitation forecasts for the days » to n+10 makes up the final P, forecast for each initial
condition; we produced an ensemble of 100 such forecasts under different realizations of the
random forcing. Below we will focus on these P, , forecasts when estimating the EMR model’s
forecast skill.

We will also compare the EMR model forecasts with the benchmark damped persistence

forecasts of daily precipitation:

Pn+m = TmPn t (1- Tm)ﬁ: (5)

where 7;, is the precipitation’s lag-m autocorrelation and p is the climatology, both computed

for each season’s subset of the 1979-1999 NARR’s daily precipitation data. The damped

persistence P, forecasts are obtained from (5) as the sum of p, 4, form = 0, 10.

1) DETERMINISTIC SKILL

We first discuss some traditional deterministic measures of skill by comparing the observed
P;, values with their ensemble-mean EMR based prediction. Figure 5 provides cool-season
examples of such a comparison for select cases of substantial observed P;, episodes over
CONUS (see Fig. SS for analogous warm-season comparisons). Visual inspection confirms
reasonable EMR forecasts (left column) of the spatial scale, shape, location and magnitude of
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File generated with AMS Word template 1.0



498

499
500
501
502

503

504
505
506
507

EMR forecast NARR reanalysis GEFSv12 reforecast

2000010100

2000010100

=

2001112600

2001112900 i 2001112900

0 50 100 150 200 250 300 0 50 100 150 200 250 300 0 50 100 150 200 250 300
Ensemble-mean 0—10-day total precipitation (mm)

Figure 5: Examples of (cool season) P, forecasts using EMR model (left) and GEFSv12 system
(right), along with the actual P;y maps based on NARR reanalysis (middle). Units are mm. The
forecast initialization time (the same across each row) is shown in panel captions in the

YYYYMMDDHH format.

the observed large P;, events (middle column), qualitatively similar to analogous GEFSv12
forecasts (right column). The overall correlations between the observed and forecasted P, time
series (for each season) [Fig. 6, left], while positive, are fairly low, at the 0.2—0.3 level in most

areas, with the exception of a few season-dependent regions reaching potentially useful levels
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508  of 0.5-0.6. However, these correlations are consistently higher than those for the damped-

509  persistence forecasts (Fig. 6, right).

0 0.1 0.2 0.3 0.4 0.5 0.6 -0.2 -0.1 0 0.1 0.2
P10 skill (MAM) AP10 skill wrt persistence (MAM)

gAY

0 0.1 0.2 0.3 0.4 0.5 0.6 -0.2 -0.1 0 0.1 0.2
P10 skill (JJA)

0 0.1 0.2 0.3 0.4 0.5 0.6 -0.2 -0.1 0 0.1 0.2
P10 skill (SON) i

0 01 02 03 04 05 06-02 -0.1 0 0.1 0.2
510

511  Figure 6: The EMR model precipitation forecast skill. Left: Correlation between (1-day lead-time)
512  EMR forecast (ensemble-mean of 100 members) and daily P, time series from NARR reanalysis, for
513 each season. Right: The difference between forecast skill of the EMR model and (daily) damped

514  persistence forecast of Py, (see text for details). Stippling indicates the areas of positive differences,

515  where the EMR forecast beats the damped persistence forecast).
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517  Figure 7: EMR model’s P;, forecast (2000-2020) root-mean-square (rms) error relative to (1979—
518 1999) climatological standard deviations, for each season. Note the inverted color scale; otherwise,

519  the same layout and conventions as in Fig. 6.

520
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The root-mean-square (rms) distance between the observed and forecasted P, time series
(Fig. 7) is generally close to the P;,’s climatological standard deviation, with EMR model
forecasts beating damped persistence forecasts in some of the southern areas but performing

similar to damped persistence forecasts elsewhere.

Overall, the deterministic measures of skill suggest, at best, a modest performance of the
EMR model in forecasting P;,. This, however, may be in part due to unsuitability of these
measures to describe the forecast quality of a discontinuous and highly intermittent — in space
and time — state variable such as precipitation. In particular, considering the ensemble-mean
forecast only completely disregards much of the useful information associated with the entire

ensemble of forecasts.

0.5 1 1.5 0.5 1 1.5

Figure 8: The (average 2000-2020) EMR model’s P;, forecast interquartile range (IQR) — based on
an ensemble of 100 forecasts — relative to the (1979-1999) climatological IQR of P;,, for each
season. The ratios below unity (stippling) indicate an enhanced forecast utility relative to that of

climatology forecast. Note the inverted color scale.
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Figure 9: Left: The EMR forecast success rate defined as the fraction of P, forecasts (over all initial
conditions, in each season separately) for which the actual P;, value from the NARR reanalysis is
within the IQR of (100-member) ensemble forecasts; stippling shows the areas with success rate
exceeding the value of 0.5 (associated with the climatology forecast). Right: the difference between
the EMR success rate and the success rate associated with the damped persistence forecast combined
with the IQR of the EMR model (see text for details); stippling denotes the areas of positive

differences (EMR model beats damped persistence forecast).
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2) PROBABILISTIC CHARACTERISTICS OF SKILL

A perhaps more suitable measure of skill for precipitation should involve probabilistic
characteristics associated with ensemble forecasts of this quantity. An example of such a
measure is shown in Fig. 8, which plots the climatological ratio of the interquartile range (IQR)
of the EMR model forecasts to the climatological IQR of P;,. This quantity is related to the so-
called potential predictability (see Kleeman 2002 and references therein), with the values less
than 1 (this value corresponds to climatology forecast) and increasingly closer to zero
indicating a progressively more reliable forecast. Based on this measure, the EMR model
provides potentially useful forecasts throughout the region of interest, including CONUS.

While providing a measure of forecast utility, the potential predictability does not directly
compare the forecast with the actual observed precipitation value for the time of forecast. To
do so, we here introduce an additional forecast skill measure — the forecast success rate — by
counting the frequency of forecasts for which the observed P, value is within the IQR range
of the EMR forecast ensemble. The EMR model forecast success rate has large areas with
values exceeding 0.5 (the observed value of P, is within the IQR of EMR forecasts 50% of
the time or more) and sometimes nearing the value of 1 (Fig. 9, left). We also combined the
damped persistence forecasts of P,y with the mean and IQR range of the corresponding EMR
forecast to compute the success rate associated with the damped persistence forecast: in
particular, the “range” associated with a damped persistence forecast f,, was set to be f, —
A, fp + Bp, where A, and A, are the offsets between the EMR model’s ensemble mean and
its 25" and 75" percentiles, respectively. We verified that the damped persistence forecast
success rate defined in this way is substantially lower than the EMR model’s success rate (Fig.
9, right).

Hence, the EMR model produces reliable (low-dispersion) forecasts that tend to track the
observed precipitation (signal), much more so than the damped persistence forecasts. Kleeman

(2002) argued that a forecast’s relative entropy

R=) pin2, ©)
i qi

where p; is climatological distribution and g; is that for the prediction, can be very useful in

characterizing prediction utility as it naturally captures both the signal and dispersion compo-
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577  Figure 10: Relative entropy of EMR forecasts. Left: the expectation (climatology), with stippling

578  showing the areas where this expectation exceeds that associated with the damped persistence forecast
579  (see text for details); right: the 99™ percentile. Note that the relative entropy here was only computed
580  and shown over the grid points at which the 99" percentile of P;, exceeded 50 mm (cf. Fig. 7, left);

581 the areas in which this is not the case are colored white.

582
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nents of skill. The relative entropy measures how different the forecast distribution is from a
climatological distribution. However, the expectation of R (characterizing climatological
difference between forecasts and observations) would tend to be lower for the forecast schemes
that are more skillful than others. For example, the climatological relative entropy associated
with the damped persistence forecasts is expected to be higher than that for the EMR forecasts.
This is indeed the case (Fig. 10, left) [note that the relative entropy here was only computed
and shown over the grid points at which the 99" percentile of P;, exceeded 50 mm (cf. Fig. 7,
left)]. Yet, over time, the relative entropy associated with individual P;, forecasts can greatly
exceed its climatological value (Fig. 10, right). In section 4c below, we will develop a
subsampling strategy in which the forecasts with large values of the quantity R are tagged to

define and sample potential large and extreme precipitation events.
c. EMR based probabilistic algorithm for thinning reforecast sample size

Note that the cases displayed in Figs. 5 and S5 were selected using the ad hoc algorithm
based on heavy precipitation in GEFSv12 reforecasts (section 3a; Samplea) (the multi-page
image files with analogous maps for other selected cases are available through a webpage
referenced in the Supplementary Information). As mentioned before, the same algorithm was
applied to the EMR model’s ensemble-mean P, forecasts (which are also available through
the supplementary website); see a brief discussion at the end of this section. We here also
developed and applied an alternative strategy, which selects the dates based on the large value
of the EMR forecasts’ relative entropy. In particular, we computed, for each day, the average
among the top 10% relative-entropy grid point values over CONUS (which were also pre-
selected to have the seasonal 1979-1999 P;,’s 99t percentile exceeding 5 cm, thus excluding
the white areas in Fig. 10); each day in the record was then ranked based on its relative entropy
score. Upon selecting 40% of the highest-score dates from the first and 40% of the highest-
score dates from the second half of the original 2000-2020 sample (thereby eliminating
possible effects of any long-term relative entropy trends), we edited out the member with a
higher R from all the pairs of consecutive high-relative-entropy days identified above, and then
from the pairs separated by two days. This procedure results in the identification of 1095 cases
separated by at least two days out of the total 7671 days comprising the 2000-2020 period,
which we argue to be an optimal subset including the majority of the high-impact events and

yet also representative of the climatological P;, distribution. If more frequent sampling is
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614  required, the additional dates for reforecasts can be added at random from the remainder of

615  the record.

EMR forecast NARR reanalysis EMR forecast RE

2001112800 2001112800 2001112800

2001120100

2010021200

2010021200

0 50 100 150 200 250 300 0 50 100 150 200 250
616 Ensemble-mean 0—10-day total precipitation (mm) Relative entropy

617  Figure 11: Examples of (cool season) P;, forecasts using EMR model (left), along with the actual Py,
618  maps based on NARR reanalysis (middle). Units are mm. The right column shows the corresponding
619  map of the relative entropy. The forecast initialization time (the same across each row) is shown in
620  panel captions in the YYYYMMDDHH format. Note that, similar to Fig. 10, the relative entropy in
621  the right-column plots was only computed and shown over the grid points at which the 99™ percentile

622  of P;y exceeded 50 mm (cf. Fig. 7, left); the areas in which this is not the case are colored white.
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The size of the latter sample is also consistent with that of the samplea, which has 520 cases
per each of the semi-annual cool and warm seasons (over 2000-2019 period, with the following
breakdowns: DJF — 188, MAM — 276, JJA — 247, SON — 329 cases). The corresponding
breakdowns for the present sample are: DJF — 282, MAM — 290, JJA — 240, SON — 283 cases,
featuring a more uniform seasonal distribution of cases, with more DJF cases and fewer SON
cases compared to the GEFSv12 based subsample. The two samples turn out to be largely
independent, with only 198 (~20%) matching dates over the 2000-2019 period. A few
examples of the P;, observed and predicted maps based on the present sample are shown in
Figs. 11 and S6 (and others are available through the Supplementary website). The third
column of these figures shows the distribution of the EMR forecasts’ relative entropy on a
given day, which tends to track the areas of large and extreme precipitation (recall that the
relative-entropy-based selection criterion was only applied over CONUS, rather than over a

larger region of the NARR reanalysis).
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Figure 12: The P;,’s probability density function (PDF) estimates at 47.4 N, 122.4 W (Seattle, WA)
based, for each season, on the entire daily P;, data (blue), and two thinned subsamples ~1/7 the size
of the whole available data: a subsample based on relative entropy of EMR forecasts (EMR-RE)
(sample, red) and the one (samplea, yellow) based on ensemble-mean GEFSv12 P, forecasts

associated with significant precipitation events over CONUS (see text for details).
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Figure 13: The differences between the estimates of P;,’s climatological mean based on: EMR-based
thinned sample and the entire seasonal P, data (left column); GEFSv12-based thinned samplea and
the entire seasonal P data (middle column); EMR-based thinned sample and GEFSv12-based
thinned sample, (right column). Stippling shows areas where the differences are statistically
significant at the 5% level according to the two-sided bootstrap test involving surrogate random
subsamples of the same size as either the EMR-based thinned sample or GEFSv12-based thinned

samplea.
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To assess relative performance of the two methods, we computed distributions of Py
associated with each sample and compared them with the climatological distribution of P;,.
An example of these distributions in Fig. 12 demonstrates that the EMR based sample provides
a better match to the NARR based P;, climatological distribution than the GEFSv12 based
subsample, which tends to be excessively heavy tailed (DJF panel gives a particularly clear
example of this for the location chosen). The positive bias of the GEFSv12 based sample
(perhaps natural, given the selection criterion built on the direct occurrence of the large or
extreme precipitation) is also evident in the maps of the climatological mean (Fig. 13) and (to
a somewhat lesser extent) in the maps of the 99 percentile (Fig. S7), of the distributions based
on full and subsampled data. Overall, the present sample has a distribution of 0—10-day
total precipitation that is closer to the distribution based on the full data compared to
that of GEFSv12 based samples, while capturing the majority of high-impact
precipitation events. [t should be noted, however, that the ultimate test of the success of the
subsampling will be the accuracy of postprocessed precipitation guidance based on the sample
at hand, and not the fidelity against the NARR data. For example, heavier precipitation periods
preferentially sampled by the GEFSv12 algorithm by design may be particularly important for
establishing the statistical relationships in situations with heavy precipitation that are of

greatest interest.

Finally, we note here that the thinned sampleg obtained using the same algorithm as for the
GEFSv12 data, but applied to the EMR precipitation forecasts, produced results inferior of
those associated with either the EMR-RE sample or the GEFSv12-based samplea in terms of
the similarity of climatological precipitation distributions based on the thinned and full
available data samples (Figs. S8 and S9). This may be due to the fact that the EMR forecasts

of P;, have a smaller deterministic skill than analogous high-end GEFSv12 reforecasts.

5. Summary and discussion

In this study, we developed a novel methodology for multi-scale statistical modeling of
precipitation by utilizing the Empirical Model Reduction (EMR) technique (Kravtsov and co-
authors 2005-2017) applied to the NARR reanalysis. The key element of the new algorithm is
the usage of the pseudo-precipitation PP — whose positive values are associated with the

actual precipitation, while negative values represent the column integrated water vapor
33

File generated with AMS Word template 1.0



682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701
702
703
704
705
706
707
708
709
710
711
712
713
714

saturation deficit — as a part of the climate state vector to be simulated by the EMR model.
The PP field thus carries information about both the mesoscale precipitation features and
synoptic-scale environmental background (large-scale meteorological patterns: LSMP)
potentially conducive to high-impact precipitation events. This EMR model was found to
provide a seamless spatiotemporal statistical description of the precipitation-producing weather
systems across a wide range of spatial scales over the entirety of CONUS and to possess a
significant predictive skill, especially in a probabilistic sense.

We defined the events-of-impact in terms of the relative entropy (Kleeman 2002) of the
EMR based ensemble hindcasts of the 0—10-day total surface precipitation P;, over the 2000—
2020 period and identified an optimal (arguably minimal) subset of dates proved to provide
local precipitation distributions consistent with those based on the full data set. By contrast, an
alternative statistical methodology for selecting such dates based directly on the magnitude of
P;, in high-end ensemble-mean reforecasts of precipitation produced subsamples with a more
substantial heavy-precipitation bias. Thinning the frequency of reforecasts — the task that
motivated this research in the first place — is extremely important in a variety of hydrological
modeling applications to be described in a future companion paper.

Note that our selecting reforecast cases for their presumed importance in one metric (here,
0-10-day precipitation) may bias the sampling properties for different kinds of important
extreme events, which might include hurricanes, mixed precipitation events, severe weather,
extreme surface temperatures or winds, among others. For example, heavy precipitation events
are forecast better using the quantile approach with respect to precipitable water than the
absolute magnitude of the precipitable water (refs?). Such biases, however, would be a
limitation of any method that seeks to limit the reforecast sample size.

Another possible limitation of the EMR methodology developed here is that the EMR
model is trained on the earlier data, while the ongoing climate change may skew the more
recent historical record in various ways, introducing a bias into EMR forecasts associated with
the latter record. For our present application, we believe that such biases associated with the
P, statistics are relatively small, as evidenced by a fairly uniform in time distribution of dates
in our thinned samples (so that, for example, the number of important cases identified in the
first and second halves of the 2000-2020 record is similar).

Our new EMR methodology for statistical modeling of precipitation is fundamentally
different from more traditional techniques (which typically work with individual precipitation

records at a local level and/or postulate ad hoc connections with a limited number of large-
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scale predictors: see section 2a) in that it automatically accounts for spatiotemporal multi-
scale structure of precipitation dynamics, thereby providing a unified framework to model
diverse precipitation environments. At the same time, it is still extremely numerically efficient
and thus easily permits large-ensemble simulations/forecasts which are essential for monitoring
and fully utilizing probabilistic characteristics of precipitation, in contrast to full-blown
dynamical models necessarily limited in the number of ensemble members due to prohibitive
computational expenses.

This paper showcases just one application of the new EMR precipitation model to the
problem of thinning the frequency of reforecasts. Follow-up work will look into how the
various sampling strategies affect precipitation forecast calibration and hydrologic forecast
accuracy. We also plan to further test the EMR model’s potential in a wider range of related

problems around the statistical/dynamical analysis of precipitation and its predictability.
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