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Abstract. The Canadian Surface Reanalysis (CaSR) includes
an offline, high-resolution gridded total precipitation reanal-
ysis designed to provide accurate estimates across North
America. This product, referred to as CaPA-24h, builds on
the Canadian Precipitation Analysis (CaPA) system of Envi-
ronment and Climate Change Canada (ECCC). It combines
a dense network of daily surface observations with a back-
ground field from the CaSR dynamical component, using
updated quality-control and assimilation procedures to fil-
ter spurious observations. This study evaluates the CaPA-24h
fields produced in CaSR v3.2, together with their background
field, and compares them with the previous version (v2.1)
as well as with two independent datasets, ERAS5-Land and
PRISM. Results show substantial improvements in v3.2, par-
ticularly in data-sparse regions, with an enhanced represen-
tation of precipitation events of different intensities. Com-
pared to ERAS5-Land, CaPA-24h v3.2 provides more accu-
rate seasonal and regional precipitation patterns, while eval-
uations against PRISM confirm this improved performance.
However, biases persist in southern and western mountain-
ous areas, especially for orographic precipitation. A first-
time assessment of the hourly disaggregated product reveals
limitations in the diurnal cycle representation, indicating the
need for refined disaggregation methods and background
field generation. Overall, CaPA-24h v3.2 delivers a reliable
and well-established gridded precipitation dataset, offering a
valuable resource for hydrological, climatological, and im-
pact studies across North America.

1 Introduction

Precipitation is a key component of the Earth’s climate sys-
tem and plays a crucial role in numerous applications, in-
cluding water resource management, flood forecasting, agri-
culture, and ecosystem monitoring. Despite its importance,
precipitation remains challenging to observe accurately due
to its high spatiotemporal variability and the limitations of
both direct measurements and indirect estimates (satellites,
radars and numerical models; Kidd et al., 2017). As a result,
a wide range of precipitation datasets has been developed us-
ing diverse sources and methodologies (Beck et al., 2017).
Howeyver, the abundance of datasets does not eliminate the
persistent need for accurate, consistent, and reliable precip-
itation estimates suitable for scientific and operational use.
Furthermore, since each dataset has its own strengths and
weaknesses, selecting the most suitable product for a given
application requires a thorough characterization and evalua-
tion of its performance, ideally through comparison with in-
dependent reference datasets.

Reanalysis has emerged as a valuable tool for climate
and meteorological studies, especially in regions with sparse
observational networks. By assimilating historical obser-
vations into state-of-the-art numerical weather prediction
(NWP) models, reanalysis provides physically consistent re-
constructions of past atmospheric, surface, and oceanic states
(Bengtsson and Shukla, 1988; Bosilovich et al., 2008). These
datasets offer broad spatial and temporal coverage, typically
spanning several decades, at global or regional scales. How-
ever, the quality and usefulness of reanalysis products can
vary depending on region, variable, resolution, and intended
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application (Dee et al., 2011; Gehne et al., 2016; Parker,
2016).

Over the past decades, several major global and re-
gional atmospheric reanalyses have been released, includ-
ing ERAS from ECMWF (Hersbach, 2000), JRA-55 from
the Japan Meteorological Agency (Kobayashi et al., 2015),
and NOAA-NCEP’s Climate Forecast System Reanalysis
(CFSR) (Kanamitsu et al., 2002), the Modern-Era Retro-
spective Analysis for Research and Applications, Version 2
(MERRA-2, Gelaro et al., 2017). As demonstrated by their
widespread use in the scientific literature, these datasets have
become essential for climate research and, more recently, for
the development of Al-based forecasting models (Bi et al.,
2023). Alongside these global atmospheric products, spe-
cialized reanalyses targeting individual Earth system compo-
nents — such as land, ocean or precipitation — have gained in-
creasing attention (e.g., Zuo et al., 2019; Gasset et al., 2021;
Mufioz-Sabater et al., 2021). These products respond to the
need for higher spatio-temporal resolution and often rely on
large-scale atmospheric reanalyses to provide them with ini-
tial and/or boundary conditions. While a comprehensive in-
ventory is beyond the scope of this paper, a review of avail-
able reanalyses can be found in Baatz et al. (2021) study. The
present work focuses specifically on high-resolution precip-
itation reanalyses, which are particularly relevant for hydro-
logical applications.

Unlike other atmospheric variables, precipitation is gen-
erally not directly assimilated in atmospheric reanalyses be-
cause it is not a prognostic state variable but rather the ac-
cumulation of a flux over a specific time period. Instead,
observation-based precipitation information is used to con-
strain the land surface component. For instance, some sys-
tems ingest observation-based gridded precipitation prod-
ucts, such as CFSR (Saha et al., 2010), while others rely
on in-situ station data, as in the Canadian Surface Reanal-
ysis (CaSR; Gasset et al., 2021). These indirect assimilation
strategies can improve the spatial structure and realism of
precipitation fields and also influence related surface vari-
ables such as soil moisture and ground temperature (Nyka-
nen et al., 2001). However, even in coupled atmosphere—land
surface systems, classical precipitation reanalyses are often
limited in capturing local extremes (Hu and Franzke, 2020),
orographic effects, and the diurnal cycle, all of which are crit-
ical for impact studies. Offline approaches that merge NWP
backgrounds with station networks help overcome these lim-
itations by delivering datasets more closely tied to observa-
tions (Devers et al., 2021).

Examples include CERRA-Land providing 5.5 km daily
precipitation fields over Europe by assimilating daily totals
from synoptic and climate stations through the SAFRAN
system (Verrelle et al., 2022; Soci et al., 2016), and FYRE
Climate, delivering daily precipitation and temperature fields
back to 1871. A comparable approach is applied in Canada
through the offline precipitation reanalysis component of the
Canadian Surface Reanalysis (CaSR; Gasset et al., 2021),
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built upon the Canadian Precipitation Analysis (CaPA) sys-
tem (Mahfouf et al., 2007; Fortin et al., 2018). In the
CaSR configuration, CaPA assimilates 24 h precipitation to-
tals valid at 12:00 UTC from surface stations across the North
American domain, forming the offline component of the re-
analysis system.

The recent release of CaSR version 3.2 provides approx-
imately 40 surface variables of direct relevance to hydro-
logical and surface models, including near-surface temper-
ature, snow-related variables, wind, and surface fluxes, and
provides the foundation for a new offline total precipitation
reanalysis. This study documents the configuration of the
CaSR v3.2 offline precipitation component (CaPA-24h) and
evaluates its performance against CaSR v2.1 using gridded
and gauge-based observational datasets as reference, with a
focus on categorical skill scores, high-impact precipitation
metrics, and the representation of the diurnal cycle. In addi-
tion, the potential use of the operational CaPA precipitation
analysis to complement CaSR v3.2 in near-real-time applica-
tions is assessed.A comprehensive description and evaluation
of the full CaSR v3.2 system will be published in a separate
companion paper. The paper is structured as follows: Sect. 2
describes the assimilation and validation datasets; Sect. 3
presents the analysis methodology; Sect. 4 describes the dis-
tributed variables; Sect. 5 details the verification approach;
Sect. 6 presents and discusses the results; and Sect. 7 assesses
the potential of the operational CaPA for near-real-time use.

2 Datasets
2.1 CaSR precipitation reanalysis

CaSR consists of two complementary components, each gen-
erating precipitation fields distributed to users (Sect. 4).
The online component provides near-real-time regional sur-
face reanalyses by coupling a Numerical Weather Prediction
(NWP) model with a land-surface data assimilation system.
In CaSR, the NWP system is the Regional Deterministic Re-
forecast System (RDRS), a reforecast-based adaptation of the
operational RDPS (Caron et al., 2015; Gasset and Milewski,
2024). RDRS runs twice daily at 00:00 and 12:00 UTC, pro-
ducing 48h integrations. The land-surface assimilation is
performed by the Canadian Land Data Assimilation System
(CaLDAS; Carrera et al., 2015), which uses a legacy 6-hourly
configuration of the Canadian Precipitation Analysis (here-
after CaPA-6h) to improve the precipitation forcing applied
to its land-surface model. It is important to note that CaPA-
6h precipitation fields are not distributed directly to users, as
they serve primarily as internal forcing for CaLDAS. Instead,
users access the output of the coupled RDRS—-CalLDAS sys-
tem, which includes hourly precipitation and related surface
variables.

The offline component generates an a posteriori daily pre-
cipitation reanalysis (hereafter CaPA-24h) using forecasts
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from the coupled system as background. In CaSR v3.2, the
6—12 and 12-18 h lead times are combined to form the 24 h
background field (Fig. A1, Appendix A), consistent with ear-
lier operational CaPA versions. A limitation of this approach
is the reliance on different lead times depending on the hour
of the day, which may introduce discontinuities and system-
atic biases (see Sect. 6.5 and Conclusions). For simplicity, the
terms offline precipitation reanalysis, CaPA-24h, and CaSR
precipitation reanalysis are used interchangeably hereafter.

Major innovations in CaSR v3.2 are the modernization of
its underlying numerical weather prediction (NWP) model
and the use of ERAS5 (Hersbach et al., 2020) instead of
ERA-Interim atmospheric initial and boundary conditions.
The system now employs an updated configuration of GEM
(Global Environmental Multiscale; Girard et al., 2014),
which has been operational since June 2024 (Gasset and
Milewski, 2024). This updated configuration includes mod-
ernized physical parameterizations, higher vertical resolu-
tion, improved topographic representation, and several addi-
tional refinements (McTaggart-Cowan et al., 2019). Together,
these changes affect the structure and quality of the precipi-
tation background fields and, consequently, the error charac-
teristics of the precipitation analysis relative to earlier CaSR
versions.

2.2 Assimilated precipitation from surface stations

The offline precipitation reanalysis based on the CaPA sys-
tem assimilates precipitation observations from surface sta-
tions, primarily sourced from networks operating in Canada
and the United States. As shown in the right panel of Fig. 1,
station density is higher in more populated regions, particu-
larly in southern Canada and the eastern United States. De-
tails on contributing networks, gauge types, and spatial cov-
erage are provided in Table A1l in Appendix A.

A key consideration is the change in data sources around
the year 2000. Before 2000, observations were obtained from
the Integrated Surface Database (ISD; Smith et al., 2011),
whereas after 2000, data were sourced from ECCC oper-
ational archives, which do not extend as far back in time.
In CaSR v3.2, the ISD dataset was fully updated and re-
processed compared to v2.1, taking advantage of improve-
ments made by NCEI (National Centers for Environmental
Information) and allowing for refinement of several process-
ing aspects, including the incorporation of trace precipitation
information and more accurate station location definitions.
This shift of data source explains the sharp discontinuity in
the number of assimilated stations (Figure 1, left panel), in-
creasing from an average of about 2000 stations before 2000
per analysis to approximately 9000 afterward. The use of ISD
data prior to 2000 also introduced additional challenges. The
ISD format and metadata structure differ substantially from
those of ECCC archives and from the standardized input ex-
pected by CaPA, requiring extensive preprocessing to harmo-
nize station identifiers, timestamps, and precipitation codes,
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and to reconstruct missing metadata such as gauge type. In
addition, the spatial coverage and data completeness of ISD
records vary across networks and time periods, adding fur-
ther uncertainty when matching ISD stations with their mod-
ern ECCC counterparts.

All precipitation observations undergo automated quality
control (QC) procedures consistent with those applied in
the operational CaPA system (Lespinas et al., 2015; Khed-
haouiria et al., 2022). These procedures, applied at each as-
similation time step, include spatial and temporal consis-
tency checks such as leave-one-out validation with neighbor-
ing stations. Additional filters account for seasonal effects,
including intense summer storms and wintertime windy con-
ditions that can affect measurement reliability. Seasonal vari-
ability in the number of assimilated 24 h precipitation obser-
vations is also evident in Fig. 1. The lower number of assim-
ilated gauges during winter reflects the application of more
restrictive QC filters under solid precipitation conditions. Al-
though this reduces observational coverage, its impact on the
analysis is partly mitigated by the generally higher skill of the
background field during winter (Khedhaouiria et al., 2020).
Although designed for real-time operations, these QC meth-
ods have proven effective in the reanalysis context, but with
some limitations. In particular, persistently low precipitation
values from certain networks were not flagged by the auto-
mated QC. These issues were revealed during an interme-
diate CaPA-24h run, where monthly accumulations showed
that some stations consistently reported unrealistically low
totals over specific periods. Such stations were subsequently
excluded from the assimilation. The same intermediate run
also helped identify suspicious extreme events that escaped
initial QC screening. Specifically, stations reporting monthly
precipitation exceeding 300 mm while also exceeding five
times the corresponding background-field total, were flagged
and removed. This additional diagnostic step thus provided
a complementary layer of quality assurance beyond the stan-
dard real-time QC procedures.

Finally, two Canadian datasets, Adjusted Daily Rainfall
and Snowfall (AdjDIyRS) and Adjusted Hourly Rain and
Snow (AdjHIyRS, newly included in CaSR v3.2), receive
special treatment in the QC workflow. Unlike other data
sources, these datasets are exempt from standard CaPA qual-
ity control filters because they have been pre-processed to
correct known observational biases. AdjDIyRS addresses er-
rors in manual gauge measurements, including undercatch,
evaporation, and wetting losses (Wang et al., 2017), while
AdjHIyRS provides bias-adjusted hourly precipitation from
automated stations (Smith et al., 2022). Since these correc-
tions already account for conditions that would normally trig-
ger rejection (e.g., solid precipitation or high wind), apply-
ing the standard CaPA QC filters would be inappropriate and
could discard valid bias-corrected observations. However,
their inclusion introduces a potential for duplicate records,
a known issue in reanalysis assimilation (Bell et al., 2021),
since they originate from the same underlying SYNOP and
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Figure 1. Left: Daily number of surface stations assimilated in the offline precipitation reanalysis from CaSR v2.1 (blue) and v3.2 (magenta),
smoothed using a 7d running mean. The bottom subplot shows the difference in station counts between v3.2 and v2.1. Right: Spatial
distribution of assimilated stations, aggregated on a 0.05° grid. The CaSR reanalysis domain is outlined in purple.

ECCC sources already ingested separately. To prevent redun-
dancy, the reanalysis retains only the adjusted record when
an AdjDIyRS or AdjHIyRS station is located within 0.02°
of an existing SYNOP or ECCC record, giving preference
to the bias-corrected dataset. Although excluded from some
rejection filters process, these adjusted observations are still
subject to the spatial consistency checks implemented within
the CaPA quality-control framework (Lespinas et al., 2015).

The integration of additional datasets, such as AdjHIyRS
in CaSR v3.2, led to a substantial increase in the number of
assimilated observations after 2000. This increase is clearly
reflected in the differences between v3.2 and v2.1 (Fig. 1,
subplot of the differences). While ISD provided valuable in-
formation prior to 2000, it is an external dataset over which
there is limited control. In contrast, the enhanced data avail-
ability in v3.2 represents a tangible improvement in both the
density and quality of assimilated observations in the offline
precipitation reanalysis.

2.3 Evaluation datasets

Three complementary references are used to evaluate the pre-
cipitation reanalysis: surface station observations in a leave-
one-out framework for point-scale verification, and two grid-
ded products, described below, for product intercomparison.

2.3.1 Leave-one-out validation dataset

Point-scale verification is performed using a leave-one-out
validation framework applied to the same surface station ob-
servations described in Sect.2.2. For each validation exper-
iment, the target station is excluded from the assimilation,
ensuring that the analyzed precipitation at that location is es-
timated solely from neighboring observations and the back-
ground field. This approach provides an independent refer-
ence for evaluating the precipitation analysis while maxi-
mizing the use of the available observing network. The re-
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sulting leave-one-out analyses constitute the primary refer-
ence for all station-based verification presented in this study.
Details of the leave-one-out implementation are provided in
Sect. 5.1.

2.3.2 ERAS-Land

Precipitation fields from ERA5-Land (Muiioz-Sabater et al.,
2021) — the land component of ECMWEF’s fifth-generation
reanalysis — were selected for comparison with the CaSR
offline precipitation reanalysis. Both ERAS5-Land and
CaSR v3.2 share a common atmospheric foundation: they are
both informed by atmospheric data from the ERAS reanal-
ysis (Hersbach et al., 2020), ensuring consistency in large-
scale atmospheric conditions. Their purposes, however, dif-
fer. ERAS5-Land is produced by running an offline global land
surface model driven by ERAS atmospheric fields, without
direct assimilation of precipitation observations. In contrast,
the CaSR online component is initialized with ERAS upper
air fields but generates its own precipitation forecasts through
a regional atmospheric model, while its offline precipitation
component explicitly assimilates surface observations to re-
construct high-resolution precipitation fields.

ERAS5-Land provides hourly surface variables at a hor-
izontal resolution of approximately 9km, comparable to
that of CaSR, which facilitates scale-consistent comparisons.
For this study, hourly ERA5-Land precipitation data span-
ning 1980-2024 were retrieved from the Copernicus Climate
Change Service (CDS, Copernicus, 2026) and interpolated
onto the CaSR grid using a conservative mapping approach
(Zhuang et al., 2025). Although ERAS assimilates radar-
derived precipitation from Stage IV over the United States
(Lopez, 2011), documented precipitation biases in ERAS can
propagate into ERA5-Land (Cucchi et al., 2020; Muifioz-
Sabater et al., 2021).
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The objective of this comparison is to assess how the
CaSR v3.2 offline component product compares relative to
ERAS5-Land within the North American domain. To ensure
a fair assessment, precipitation fields from the CaSR online
component — produced without direct assimilation of precipi-
tation observations are also included in the verification — pro-
viding a baseline that isolates the added value of the offline
assimilation.

2.3.3 PRISM dataset

PRISM dataset (Parameter-elevation Regressions on Inde-
pendent Slopes Model; Daly et al., 2021, 2008) is employed
over the contiguous United States of America (CONUS)
to evaluate the precipitation reanalysis. Developed by the
PRISM Climate Group at Oregon State University, PRISM
provides observation-based, gridded climate data at mul-
tiple spatial and temporal resolutions, including daily and
monthly precipitation. Precipitation at each grid cell is esti-
mated by combining nearby station observations with several
geographic predictor grids, with greater weight given to sta-
tions that are close to the target grid cell, at similar elevations,
and located on comparable slopes or terrain features.

A comprehensive description of the model algorithms and
input data is provided by Daly et al. (2008). It should be
noted that PRISM is itself a gauge-based product and incor-
porates surface observations from networks that partly over-
lap with those assimilated by CaPA over the CONUS. The
comparison presented here therefore does not constitute a
strictly independent validation; agreement between the two
products should rather be interpreted as an indication of con-
sistency in the representation of spatial precipitation patterns,
obtained through fundamentally different methodologies.

For the present study, daily precipitation fields covering
1981-2023 at a horizontal resolution of Ax >~ 4 km were ini-
tially considered for comparison with CaSR. An intermediate
analysis conducted over the 1981-2018 period revealed tem-
poral discontinuities in PRISM-derived precipitation statis-
tics, particularly during summer. These discontinuities are
likely associated with changes in the underlying observing
system and processing methodology, including the progres-
sive incorporation of radar-based information into PRISM
(Daly et al., 2021). To minimize the influence of such inho-
mogeneities on the intercomparison, the PRISM dataset was
therefore restricted to the 2002-2018 period, for which the
daily fields exhibit improved temporal consistency.

An alternative PRISM product designed for long-term cli-
mate analyses is also available; however, this dataset is pro-
vided at monthly temporal resolution only, which is less
suitable for the present study focusing on daily precip-
itation characteristics, frequency—intensity decomposition,
and high-impact precipitation metrics. Consequently, daily
PRISM fields over the 2002-2018 period were retained and
upscaled to the CaSR grid (Ax =~ 10 km) using conservative
interpolation approaches (Zhuang et al., 2025).
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3 Offline precipitation reanalysis methodology

The CaPA system used in the offline reanalysis assimilates
precipitation observations from multiple sources using an op-
timal interpolation (OI) algorithm, consistent with the most
recent operational implementation of CaPA (Lespinas et al.,
2024). The methodology underlying this approach has been
extensively documented in previous studies (Khedhaouiria
et al., 2022; Fortin et al., 2018; Mahfouf et al., 2007) and
is not repeated in detail here. However, it is worth recalling
that, as with most data assimilation systems, the analysis at
each grid point is governed by the specification of two key
components: the observation error covariance matrix R and
the background error covariance matrix B.

The observation error covariance matrix R is assumed to
be diagonal for surface stations, reflecting the hypothesis of
uncorrelated observation errors. Its diagonal elements rep-
resent the squared standard deviation of the observation er-
rors (002). In contrast, the background error covariance matrix
B accounts for spatial correlations in the model background
field and is parameterized as:

d4 .
B; =abzexp (—ﬁ), @))

where o1, denotes the standard deviation of the background
errors, Iy is the correlation length scale, and d; ; is the dis-
tance between locations i and j.

A distinctive feature of CaPA is that, unlike other systems
where o4, 0y, and [, are fixed, these parameters are dynam-
ically estimated using variographic analysis of the innova-
tions over the domain in a preliminary step of the analysis
(Fortin et al., 2015). This data-driven estimation allows the
parameters to evolve daily according to the prevailing mete-
orological conditions. A limitation, however, is that the re-
sulting error parameters remain spatially uniform within the
domain on a given analysis time step.

Figure 2 shows the annual cycle of o, and oy, for the
CaSR v3.2 offline precipitation reanalysis. Both errors ex-
hibit clear seasonal variability, with larger values in summer
and autumn and lower values in winter and spring, consis-
tent with previous studies (Desroziers et al., 2005; L’Ecuyer
and Stephens, 2002). Reported values in Fig. 2 are estimated
in the Box—Cox-transformed space required by the OI algo-
rithm (Fortin et al., 2015), which prevents direct interpreta-
tion in precipitation units. Finally, the estimated og values
show greater variability due to the lower density of obser-
vation stations during the pre-2000 period, which results in
noisier estimates.

4 Output variables distributed to users

The CaSR v3.2 online component distributes a broader set
of hourly surface and near-surface variables relevant to hy-
drometeorological applications, including temperature, hu-

Hydrol. Earth Syst. Sci., 30, 5971-5998, 2026



5976

Observations (0,)

D. Khedhaouiria et al.: The Canadian Surface Reanalysis (CaSR) v3.2 precipitation dataset

Background fields (0p)

2.4

2.2

2.0 1

1.6 1

1.4 1

—— Mean
25-75th percentile

1.2 1

—— Mean
25-T5th percentile

0107 0109 0111

Day of Year

0101 01-03 01-05

01-01

0107 0100 0111 0101

Day of Year

0101 01-03 01-05

Figure 2. Mean daily standard deviation of observation errors (oo, left) and background errors (op, right) in the CaPA Box-Cox transformed
space over the CaSR v3.2 domain, averaged over the 1980-2023 period. Shaded areas represent the interquartile range (25th—75th percentile),

illustrating the inter-annual variability.

midity, wind, pressure, radiation fluxes, and, since version
3.2, precipitation-phase-related fields. These variables are
part of the distributed CaSR v3.2 products but fall outside the
scope of the present paper, which is restricted to the offline
precipitation reanalysis. Details on data access and download
are provided in the Data availability section at the end of the
paper.

The offline component provides the primary precipitation
reanalysis product: the daily 24 h accumulated precipitation
field generated by CaPA, valid at 12:00 UTC. A comple-
mentary diagnostic, the Confidence Index of the Analysis
(CFIA), is also distributed at daily resolution. The CFIA
ranges from 0 to 1 and quantifies the degree to which the
analysis at each grid point is constrained by assimilated ob-
servations (see Fortin et al., 2015). Finally, an hourly precip-
itation reanalysis is derived by temporally disaggregating the
daily CaPA-24h analysis, as described below.

The disaggregation follows a two-step linear procedure,
consistent with previous CaSR versions (Sect. 2.3 in Gas-
set et al., 2021). The approach transforms daily precipita-
tion totals into hourly values by making use of short-range
forecasts of the online component. In the first step, 6-hourly
CaPA analyses (CaPA-6h) are used to adjust the timing of
the RDRS hourly forecast fields so that their 6 h accumula-
tions match the observations (Step 1 in Fig. 3). In the second
step, the adjusted hourly values are rescaled to ensure that
their 24 h sum matches the CaPA-24h analysis, which serves
as the final daily constraint (Step 2 in Fig. 3). This proce-
dure preserves the realistic temporal distribution of precipi-
tation provided by the online component while maintaining
full consistency with the 6 and 24 h totals generated by CaPA.

When the CaSR online component indicates no precipita-
tion within a 6 or 24 h window but the corresponding CaPA
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analysis reports a nonzero accumulation, the total CaPA pre-
cipitation is evenly redistributed across the 6 or 24 h. While
this enforces temporal consistency, it can also introduce arte-
facts, such as sequences of constant hourly precipitation
when online forecasts are zero. These artefacts, often local-
ized near observational stations due to the influence of opti-
mal interpolation, lead to an overrepresentation of event du-
rations that are exact multiples of 6 or 24 h. This distortion
in the distribution of event durations may in turn affect de-
rived hydrological indicators. Potential improvements for fu-
ture CaSR versions include more advanced disaggregation
approaches based on data-driven temporal profiles (includ-
ing machine learning methods), stochastic perturbations, or
hybrid techniques.

Finally, CaSR v3.2 variables are available for 1980-2024.
To ensure continuity with more recent precipitation informa-
tion, users may refer to the near-real-time operational CaPA
product beyond this period. However, the operational CaPA
differs from the reanalysis in several respects, and the impli-
cations of its use are discussed in Sect. 7.

5 Evaluation framework
5.1 Direct comparison with in situ gauges

Precipitation estimates from the evaluated products were ver-
ified against daily accumulations from in situ gauge observa-
tions, using the station network described in Sect. 2.3.1. The
verification process relied on the Frequency Bias Index (FBI)
and the Equitable Threat Score (ETS), both derived from a
2 x 2 contingency table for binary precipitation events, and
on the partial mean to characterize conditional precipitation
intensity. The FBI measures the ratio between the frequency
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Figure 3. Step 1 (left) illustrates the temporal disaggregation of CaPA-6h using RDRS hourly forecasts. Step 2 (right) shows how the CaPA-
24h analysis is further disaggregated using the Step 1 output to generate the hourly reanalysis distributed to the public. Here, agp, and ax4p
denote the 6 and 24 h CaPA analyses, respectively, and f; represents the RDRS hourly forecasts.

of predicted and observed events, while the ETS quantifies
the fraction of correctly predicted events after accounting for
hits expected by random chance. The partial mean provides
complementary information by describing the average pre-
cipitation intensity conditional on event occurrence below a
given threshold, thereby allowing frequency- and intensity-
related errors to be disentangled. Definitions of metrics are
provided in Appendix D1. Precipitation events were classi-
fied as “1” when daily accumulation exceeded a given thresh-
old and “0” otherwise. These thresholds corresponded either
to absolute values (ranging from 0.2 to 100 mm) when the
entire domain was considered, or to percentiles (0, 20, 50,
70, 80, 95, and 99.9) computed from the non-zero observed
precipitation distribution when regional analyses were per-
formed. A minimum threshold of 0.2 mm was applied to de-
fine non-zero 24 h precipitation, both to remove drizzle-level
background noise and to match the detection limits of stan-
dard precipitation gauges (typically 0.1-0.3 mm).

All metrics were computed for the CaSR offline reanalysis
(versions v3.2 and v2.1), its background fields, and ERAS-
Land precipitation. The reanalysis estimates used in the ver-
ification were derived using the leave-one-out (LOO) frame-
work embedded within the CaPA algorithm (Sect. 2.3.1).
This approach mitigates the artificial skill inflation that
would otherwise arise from using the same station obser-
vations in both assimilation and verification. Although this
approach does not fully eliminate spatial autocorrelation be-
tween validation points (Panthou et al., 2012), it provides an
operationally feasible method for independent verification.

Because the in situ network is highly heterogeneous in
both space and time, a substantial thinning and quality-
selection procedure was applied before verification to ensure
spatial representativeness and observational reliability across
the domain. Verification relied only on trusted gauges: syn-
optic stations during the warm season (JJA and SON), and
manual synoptic stations during the cold and transition sea-
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sons (DJF and MAM), which are better suited for measur-
ing solid precipitation. In addition, adjusted precipitation sta-
tions from the Canadian network (AdjDlyRS and AdjHIyRS)
were included to enhance the reliability of the verification.

Spatial thinning was performed to reduce over-
representation of densely instrumented regions, such as
southern Canada and the northeastern United States, by re-
taining at most one station within each 0.1° x 0.1° grid cell.
Within each cell, the station reporting the largest number
of valid daily observations over the evaluation period was
retained. Temporal thinning was also applied by requiring
a minimum data availability of 8% over the evaluation
window. Although this threshold may appear low, it was
selected after testing several values and found to be the min-
imum level at which verification scores stabilized, thereby
maximizing the retained sample size while preserving score
robustness.

Comparisons between CaSR versions 2.1 and 3.2 were
performed only for stations whose coordinates and observed
precipitation values matched exactly in both datasets. De-
spite extensive efforts to harmonize station identifiers and
perform spatial matching between the two reanalysis ver-
sions, a small fraction of stations could not be consistently
paired. Retaining an 8 % temporal completeness threshold
thus helps preserve as many stations as possible for mean-
ingful intercomparison while maintaining statistical robust-
ness. The evaluation was conducted separately for each of
the four seasons, over the full 1980-2018 period, as well as
for two subperiods (1980-1999 and 2000-2018). This parti-
tioning enables assessment of the potential influence of the
reduced number of assimilated stations before 2000 on ver-
ification results (Sect. 6.2). Maps illustrating the evaluation
network after the spatio-temporal thinning are provided in
the supplementary material.

Given the large spatial extent of the domain and the di-
versity of regional climates, the frequency of precipitation
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events — and consequently the skill scores — can vary substan-
tially across space, complicating interpretation. To account
for this variability, all metrics were computed both over the
full domain and over predefined subregions. This regional
breakdown is particularly important for scores such as the
FBI and ETS, which are sensitive to event frequency and
thus can be biased by climate regime (Hamill and Whitaker,
2006). The subregions follow the classification of Bukovsky
(2011), illustrated in Appendix B.

5.2 Gridded product intercomparison with alternative
datasets

CaPA-24h precipitation reanalysis was compared with
ERAS5-Land and PRISM from three complementary perspec-
tives: (i) representation of precipitation accumulation, (ii)
representation of high-impact precipitation, and (iii) repre-
sentation of the diurnal cycle of precipitation (the latter re-
stricted to ERAS5S-Land and CaSR, as PRISM is not available
at hourly resolution). Together, these evaluations provide a
comprehensive view of how CaSR v3.2 reproduces both the
mean and extreme characteristics of precipitation relative to
established gridded datasets.

For the first aspect, seasonal precipitation totals were ac-
cumulated into 30-year time series (1980-2018) for each
dataset and each grid cell, all interpolated to the CaSR v3.2
grid. Maps of mean seasonal accumulations were examined
alongside relative differences between CaSR v3.2 and v2.1,
CaSR v3.2 and ERAS-Land, CaSR v3.2 and PRISM, and
ERAS5-Land and PRISM. These comparisons highlight the
regional distribution of differences between reanalysis-based
datasets (CaSR v3.2, v2.1, ERAS5-Land) and the observation-
based PRISM dataset. Seasonal time series of accumulated
precipitation were also averaged over Bukovsky regions to
assess long-term temporal consistency and potential drifts.
To better understand the origin of biases in seasonal precipi-
tation totals, the total bias relative to PRISM was further de-
composed into contributions from the frequency of wet days
(precipitation > 1 mm) and the mean precipitation intensity
on wet days. This decomposition allows the identification of
regions where small total biases may result from compensat-
ing errors between precipitation occurrence and intensity.

Beyond mean accumulation, the ability to reproduce ex-
tremes is critical for hydrological and climate applications.
High-impact precipitation was therefore assessed using in-
dices from the Expert Team on Climate Change Detection
and Indices (ETCCDI; Karl et al., 1999). Four indices were
considered: Rxlday (annual maximum 1d precipitation),
Rx5day (annual maximum 5 d precipitation), R95pTOT (an-
nual precipitation from days exceeding the 95th percentile),
and R99pTOT (same as R95SpTOT but with the 99th per-
centile). Since results for Rx5Sday and R99pTOT closely re-
semble those of Rxlday and R95pTOT, respectively, only
Rx1day and R95pTOT are presented here. Time series of in-
dices were compared across seasons and for each grid cell
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using the Kling—Gupta Efficiency score (KGE; Kling et al.,
2012; Gupta et al., 2009) described in Appendix D2. A KGE
of 1 indicates perfect agreement with PRISM, while its com-
ponents highlight whether errors are dominated by bias, vari-
ability, or correlation. All indices were computed at the grid-
cell level after interpolating each dataset to the CaSR v3.2
grid to ensure spatial consistency. To account for the short
length of the time series, which can lead to substantial uncer-
tainty in some KGE components and therefore in the KGE it-
self (Clark et al., 2021), a non-parametric bootstrap approach
(Tibshirani and Efron, 1993) with 1000 replicates of the an-
nual values, resampled in pairs was applied at each grid cell
to estimate 90 % confidence intervals.

Finally, the diurnal cycle of hourly precipitation was ex-
amined, as it is a widely used diagnostic of model perfor-
mance and physical process representation (Dai et al., 1999).
This evaluation is particularly relevant given that both offline
and online precipitation fields for a given day are constructed
using forecast segments of varying lead times (see Sect. 2.1).
It also provides insights on the hourly fields distributed to
users (Sect. 4), which are less frequently assessed than daily
totals. The diurnal cycle was computed for each grid cell
from hourly precipitation in the CaSR v3.2 offline reanaly-
sis and ERAS5-Land, averaged over 1980-2018 and stratified
by season and region. For each region, the median cycle and
interquartile range are presented. Although a direct observa-
tional benchmark is not included in this study, this analysis
remains valuable for identifying structural differences in the
representation of sub-daily precipitation variability.

6 Results and discussions

6.1 Impact of version upgrade: v3.2 vs. v2.1
precipitation

Figure 4 presents the evaluation of daily precipitation per-
formance over the 1980-2018 period across the domain, us-
ing three complementary metrics — FBI, ETS, and the par-
tial mean — computed at multiple precipitation thresholds and
seasons.

Overall, differences between CaPA-24h versions 2.1 and
3.2 are relatively small. This is expected, as both ver-
sions assimilate largely similar precipitation observations
and are evaluated at station locations using a leave-one-
out (LOO) framework, which naturally leads to compara-
ble analysis statistics at station locations. This interpreta-
tion is further supported by the comparison with the cor-
responding background fields, for which more pronounced
differences emerge: the CaSR v3.2 background exhibits re-
duced bias (FBI values closer to unity and partial means
closer to observations) and higher skill (larger ETS values)
than v2.1. Both CaPA-24h versions consistently show re-
duced bias and improved skill relative to their respective
background fields, highlighting the added value of the as-
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Figure 4. Performance of daily precipitation estimates over the 1980-2018 period. The first row shows the Frequency Bias Index (FBI),
the second row the Equitable Threat Score (ETS), and the third row the partial mean E[S | S < Threshold], all shown as a function of the
precipitation threshold (mm). Columns correspond to the four seasons (DJF, MAM, JJA, and SON). Results are shown for CaPA-24h v2.1
(blue circles), CaPA-24h v3.2 (red circles), their respective background fields (BK-v2.1 and BK-v3.2; dashed lines in matching colours), and

ERAS-Land (gold stars).

similation procedure. Finally, because LOO analyses retain
information from neighboring assimilated stations, verifica-
tion scores in densely instrumented regions should be inter-
preted as an upper bound on the performance expected in
truly ungauged areas. Since this residual spatial dependence
is nearly identical for both CaPA-24h versions, however, it
does not affect their relative comparison.

These results are broadly consistent with those reported
by Gasset et al. (2021) (see their Fig. 9), despite differences
in both the evaluation period (2010-2014 versus 1980-2018
here) and the evaluation network. In both studies, the analy-
ses exhibit lower frequency bias (FBI) and higher skill (ETS)
than the background fields. A notable difference emerges
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in winter (DJF) frequency bias at high thresholds, where
the longer 1980-2018 period enables improved sampling of
rare, high-impact events compared to 2010-2014, leading
to a distinct high-threshold signature. This feature is spe-
cific to winter conditions, as seasons dominated by liquid
precipitation benefit from a much denser station network,
whereas winter precipitation is evaluated using a substan-
tially sparser observational network, requiring longer peri-
ods to adequately sample intense events. In particular, events
exceeding 100 mmd~" occur much more frequently in the
background fields (FBI close to 2) than in the analyses (FBI
of approximately 1.0-1.1). However, the impact on the par-
tial mean — defined here as the conditional mean precipitation
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intensity below a given threshold — remains limited, indicat-
ing that the excess detections in the background fields are pri-
marily concentrated near the threshold rather than associated
with strongly overestimated intensities. This characteristic is
consistent across seasons: background fields generally ex-
hibit larger partial means than observations at high thresholds
(especially in JJA), while the analyses tend to slightly un-
derestimate the partial mean for events above approximately
25 mm d_l, with overall biases reduced in v3.2 relative to
v2.1.

Including ERAS5-Land in the comparison reveals a
markedly different response. ERAS5-Land tends to over-
estimate the frequency of light to moderate precipita-
tion events while underestimating the occurrence of high-
intensity events, resulting in a threshold-dependent perfor-
mance of the frequency bias. The partial mean further shows
that ERAS-Land systematically produces intensities higher
than observed at low to moderate thresholds, with values gen-
erally comparable to the CaSR background fields up to about
25mmd. Beyond this threshold, the partial mean reaches
a plateau, indicating an underestimated contribution from
higher-intensity events, consistent with the pronounced high-
threshold FBI deficit—particularly in summer (JJA). ERAS-
Land also exhibits substantially lower skill and larger biases
than both CaSR analyses (v2.1 and v3.2) and their respective
background fields, as reflected by the ETS metric, in agree-
ment with previous evaluations reported by Mufloz-Sabater
et al. (2021).

While domain-averaged scores provide a useful first-order
assessment of system performance, they can mask substan-
tial regional differences, particularly in regions characterized
by sparse station coverage where the background field ex-
erts a stronger influence on the analysis. Differences between
CaPA-24h v3.2 and v2.1 are generally small across ETS,
FBI, and the partial mean, indicating comparable skill over
most regions, as documented in the Supplement. Noticeable
discrepancies are mainly confined to the Desert and South re-
gions, where the background field exhibits an excessive pre-
cipitation bias in v2.1 (Gasset et al., 2021), which remains
amplified in v3.2. Although the analysis step partially mit-
igates this degradation through observation assimilation, it
does not fully compensate for the background bias, result-
ing in degraded FBI and partial-mean values, while event-
detection skill remains largely unchanged.

More pronounced differences emerge when focusing
specifically on the background field (Fig. 5), which high-
lights improvements (degradations) in FBI or ETS scores in
red (blue) across regions and seasons. These results indicate
an overall reduction in frequency bias in v3.2, while changes
in ETS are largely neutral, suggesting that the improvements
primarily affect precipitation bias rather than event-detection
skill. Winter performance remains more mixed, with a per-
sistent degradation in the southern domain. Overall, these re-
sults for the background field are reassuring, as they indicate
that in regions with sparse or no station coverage — where the
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background field dominates in CaSR—CaPA — v3.2 generally
provides less biased and more reliable precipitation estimates
than v2.1.

6.2 Influence of changes in assimilation data sources on
CaPA-24h

Figure 6 presents the FBI and ETS scores for CaPA-24h
v3.2, its background field (BK), CaPA-24h v2.1, and ERAS-
Land, evaluated over the CaSR domain for winter (DJF) and
summer (JJA). Results are shown separately for two peri-
ods: 1980-1999, when observations were primarily sourced
from the Integrated Surface Database (ISD), and 2000-2018,
when ECCC operational archives were used.

Comparisons between the two evaluation periods reveal
only limited changes in relative performance and a stable
ranking of the datasets. ETS values are generally slightly
higher during the 2000-2018 period than during 1980-1999
for most products in DJF at low to moderate thresholds,
whereas no systematic differences are observed in JJA, sug-
gesting a modest overall improvement in categorical precip-
itation skill. The skill gap between background fields and
analyses remains comparable across periods, indicating that
the relative impact of the assimilation step is maintained de-
spite major changes in the observing system. As in the pre-
vious section, ERA5-Land consistently exhibits the weakest
performance across all configurations, with lower ETS val-
ues and systematically low FBI values indicating an under-
estimation of precipitation occurrence, particularly at higher
thresholds. This feature, also evident in the partial mean, is
consistent across seasons and evaluation periods.

Differences between the two periods mainly emerge at
moderately extreme thresholds and are primarily reflected in
the FBI. These differences can be attributed to sampling ef-
fects arising from (i) differences in station density between
the two periods, with fewer available stations prior to 2000
by construction, and (ii) a seasonally varying sampling ef-
fect, as winter precipitation is evaluated using a sparser sta-
tion network than liquid-precipitation seasons. This interpre-
tation is further supported by the ERA5-Land results, which
also exhibit small but noticeable differences between the two
periods despite being unaffected by the change in assimi-
lated precipitation datasets after 2000, indicating that sam-
pling effects may contribute to the observed variations, inde-
pendently of changes in the observing system.

6.3 Seasonal and regional precipitation accumulation
patterns across datasets

Figure 7 shows the seasonal spatial distribution of precipita-
tion and the effects of updates in CaPA-24h v3.2 compared to
v2.1. ERA5-Land is included for comparison due to extended
use in the community and its matching horizontal resolution
with CaSR, and PRISM serves as a high-resolution observa-
tional reference.
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Figure 5. Improvement (red) or degradation (blue) in the Frequency Bias Index (FBI, top row) and Equitable Threat Score (ETS, bottom
row) of the precipitation background field from CaSR v3.2 relative to CaSR v2.1, across Bukovsky regions and percentile-based precipitation
thresholds. The top panels show |FBI7 | — 1| — |[FBIy3 .2 — 1|, where positive values indicate a reduction in the frequency bias in v3.2, while
the bottom panels show ETSy3 7 — ETSy» 1. Each column corresponds to a season (DJF, MAM, JJA, SON). Gray cells indicate insufficient

data to compute the scores.

Comparisons between v3.2 and v2.1 (second row of Fig. 7)
show widespread precipitation increases across the southern
part of the domain in all seasons, particularly over the Gulf
of California and along the Gulf of Mexico, likely associated
with changes in the background field and model physics af-
fecting moisture transport and convective processes. These
southern increases contribute to a degradation of the fre-
quency bias in v3.2 relative to v2.1, especially for small to
moderate intensity precipitation events, through an increased
false alarm rate in arid regions (e.g., south of the Desert re-
gion following the Bukovsky classification). In the Rocky
Mountains, precipitation increases especially at high eleva-
tions, primarily due to modifications in the CaPA background
field linked to GEM model upgrades and a sharper repre-
sentation of topography. In summer, precipitation over much
of Canada is reduced in v3.2, while regions with dense sta-
tion coverage (e.g., along the US—Canada border and in the
eastern United States) remain largely unchanged, reflecting
stronger observational constraints.The reduced summer pre-
cipitation accumulations in northern regions improve skill
and reduce bias relative to v2.1, indicating that v2.1 was
overall too wet in these areas.
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The relative differences between CaPA-24h v3.2 and
ERAS5-Land exhibit their strongest amplitudes over com-
plex terrain, with consistent structures along the western
cordillera in all seasons (Fig. 7). In DJF and SON, a marked
sign alternation is apparent across the coastal mountains
and the Rocky Mountains: CaPA-24h tends to be drier than
ERAS5-Land along parts of the Pacific coastal ranges, while
becoming wetter over portions of the interior high terrain,
consistent with differing representations of orographic pre-
cipitation and the smoother fields in ERAS5-Land. In MAM,
negative differences dominate much of southern Canada and
large parts of the continental United States, indicating gener-
ally wetter conditions in ERAS5-Land during spring, whereas
positive differences persist over high latitudes. In JJA, neg-
ative differences extend over most of Canada, suggesting
systematically larger summer accumulations in ERAS-Land,
while CaPA-24h remains wetter over Mexico and parts of
Central America. Persistent positive anomalies over Mexico
throughout the year point to limitations near the southern
edge of the domain.

The bottom two rows of Fig. 7 compare CaPA-24h v3.2
and ERAS-Land against PRISM in terms of relative seasonal
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Figure 6. Performance metrics for daily precipitation estimates as a function of precipitation threshold. Results are shown for winter (DJF;
left) and summer (JJA; right) and for two evaluation periods: 1980-1999 and 2000-2018. The top row shows the Frequency Bias Index
(FBI), the middle row the Equitable Threat Score (ETS), and the bottom row the partial mean. Curves are shown for CaPA-24h v2.1 (blue
circles) and v3.2 (red circles), their respective background fields (BK-v2.1 and BK-v3.2; dashed lines in matching colours), and ERA5-Land
(gold stars). Dotted horizontal lines indicate perfect scores (FBI=1, ETS = 1), and the black curve in the partial-mean panels represents

observations (OBS).

precipitation differences. CaPA-24h v3.2 generally shows
closer agreement with PRISM than ERAS5-Land, reflecting
both the assimilation of similar station networks in CaPA-
24h and PRISM and CaPA-24h enhanced ability to capture
finer-scale spatial variability relative to the smoother ERA5-
Land fields. However, both products exhibit pronounced dis-
crepancies over the western United States, particularly along
the Pacific coast and across major mountain ranges, reflect-
ing the strong sensitivity of relative errors to complex topog-
raphy. In these regions, CaPA-24h v3.2 generally shows pos-
itive differences relative to PRISM over windward slopes,
while localized negative differences appear, especially in
winter and spring. Large relative differences are also appar-
ent over parts of the central United States, notably during
winter and spring. These signals often coincide with regions
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of low seasonal precipitation totals (typically below 50 mm;
first row in Fig. 7), such that modest absolute differences can
translate into large relative values. Consequently, relative dif-
ferences in these areas should be interpreted with caution;
complementary maps of absolute differences are provided in
the Supplement (Fig. S2). Overall, CaPA-24h v3.2 exhibits
finer spatial variability and more localized structures than
ERAS5-Land when compared to PRISM, particularly over
complex terrain. While neither product consistently outper-
forms the other everywhere, CaPA-24h v3.2 tends to repro-
duce sharper gradients and regional contrasts that are more
consistent with the high-resolution PRISM fields, whereas
ERAS5-Land shows smoother and more spatially homoge-
neous patterns across seasons. In summer (JJA), both CaPA-
24h v3.2 and ERAS-Land show a systematic underestimation
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Figure 7. Seasonal mean precipitation accumulation and relative differences over 2002-2018. Top row: Seasonal precipitation accumulation
(mm) from CaPA-24 v3.2. Remaining rows: Relative differences (%) in seasonal accumulation between (from top to bottom): CaPA-24h
v3.2 and v2.1, CaPA-24h v3.2 and ERAS5-Land, CaPA-24h v3.2 and PRISM, and ERAS5-Land and PRISM. Each column corresponds to a
season: winter (DJF), spring (MAM), summer (JJA), and autumn (SON). Relative differences are expressed as a percentage of the reference

dataset in each row and are provided in the y-label.

of seasonal precipitation accumulations relative to PRISM
over large portions of the CONUS. This signal persists de-
spite the higher density of precipitation observations assimi-
lated in CaPA-24h during the warm season, indicating that it
is unlikely to be primarily driven by observational coverage.
Instead, it likely reflects limitations common to both reanaly-
ses, including the representation of warm-season convective
precipitation, scale mismatches between grid-cell averages
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and the high-resolution PRISM estimates, and smoothing in-
herent to the analysis systems. The underestimation is most
apparent in regions where convective precipitation can dom-
inate summer totals.

To further investigate the origin of these seasonal accumu-
lation biases, the total precipitation bias relative to PRISM
is decomposed into contributions from the frequency of wet
days (precipitation > 1 mm) and the mean intensity on wet
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days. This decomposition also reveals regions where appar-
ently small total biases result from compensating errors be-
tween precipitation frequency and intensity.

Figure 8 presents the regional decomposition of the to-
tal seasonal precipitation bias, computed with respect to
PRISM, into contributions from wet-day frequency and pre-
cipitation intensity on wet days for CaPA-24h v3.2 and
ERAS5-Land across selected Bukovsky regions. Across most
regions and seasons, differences in total accumulation are
primarily driven by biases in wet-day frequency rather than
by systematic errors in intensity. In winter, ERAS-Land ex-
hibits a pronounced positive frequency bias over the Moun-
tain West, the Great Plains, and Desert regions, which largely
explains its positive total bias in these areas, while inten-
sity biases remain comparatively modest. In contrast, CaPA-
24h v3.2 shows smaller and more balanced frequency biases
across regions, with intensity biases generally close to zero,
indicating a better balance between occurrence and intensity
errors.

In summer, it is noteworthy that in the South and Great
Lakes regions the bias decomposition highlights a marked
compensation between frequency and intensity errors in
ERAS5-Land. In these regions, ERAS-Land tends to overesti-
mate the frequency of wet days while simultaneously under-
estimating precipitation intensity, resulting in near-zero total
seasonal biases when only accumulated precipitation is con-
sidered. This compensation can give the impression of over-
all agreement with PRISM when examining total accumu-
lations alone, despite substantial and physically meaningful
discrepancies in the underlying precipitation characteristics.
By contrast, CaPA-24h v3.2 exhibits smaller and more co-
herent biases in both frequency and intensity over the South
and Great Lakes, leading to total biases that more directly
reflect the underlying error structure. For the other regions,
similarly to winter, CaPA-24h v3.2 shows a more balanced
frequency—intensity bias compared to ERAS5-Land, particu-
larly over the Pacific region.

6.4 Agreement and discrepancies in extreme
precipitation indices

KGE maps and their components for the annual daily maxi-
mum precipitation (Rx1day) are presented in Fig. 9 for each
season. The analysis focuses on the CONUS domain, where
PRISM is available as reference, and on the 2002-2018 pe-
riod. Given the limited number of annual samples, the corre-
sponding bootstrap confidence intervals (Sect. S3 in the Sup-
plement) are used throughout this section to identify robust
signals.

A clear east-west contrast emerges in the KGE fields.
East of the major mountainous regions, CaPA-24h v3.2 gen-
erally outperforms ERAS5-Land in all seasons, with KGE
values mostly ranging between 0.7 and 0.9. These high
scores are mainly driven by bias and correlation compo-
nents close to one, while the variability term is noisier, show-
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ing several blue patches indicative of higher variability in
CaPA-24h relative to PRISM. Part of this noisiness reflects
sampling uncertainty rather than actual disagreement, the
variability ratio is the least constrained component of the
KGE, with 90 % confidence intervals typically exceeding 0.5
in width (Sect. S3).In contrast, ERAS5-Land systematically
yields lower KGE values in this region, driven by larger bi-
ases (consistent with the accumulation results), weaker cor-
relations, and reduced variability compared to PRISM. Dur-
ing summer, both reanalyses perform less well, with nois-
ier KGE patterns, consistent with the challenges of capturing
sub-grid convective storms (Ebert et al., 2007). Nonetheless,
CaPA-24h v3.2 maintains smaller biases and higher corre-
lations than ERAS-Land, which even exhibits locally neg-
ative correlations. Variability remains particularly noisy in
both datasets but tends to be systematically underestimated
in ERAS-Land.

In the western mountainous regions, performance de-
grades for both reanalyses, particularly with respect to bias.
Across all seasons, CaPA-24h v3.2 exhibits patches of very
low KGE values (below —0.4), especially in winter and
spring. Following the interpretation of Knoben et al. (2019),
such values indicate that the reanalysis does not add skill
compared to the climatological mean. In these regions, both
bias and variability contribute to the degradation of KGE.

ERAS5-Land fields appear markedly smoother than those
of CaPA-24h v3.2, consistent with the coarser-scale nature
of ERAS, from which ERAS5-Land directly inherits its char-
acteristics without additional downscaling or bias correction
(Mufioz-Sabater et al., 2021).

The same analysis applied to R95pTOT (Fig. 10) com-
plements Rx1day and other extreme precipitation metrics by
assessing whether annual precipitation totals are dominated
by very wet days or by light-to-moderate precipitation. KGE
values for R95pTOT are generally lower than for Rx1day in
both reanalyses. CaPA-24h v3.2 again outperforms ERAS-
Land, particularly in MAM, JJA, and SON, while DJF re-
mains the most challenging season to represent accurately.

Regional differences are evident. Both reanalyses perform
poorly in the western mountainous regions, and ERAS5-Land
shows additional deficiencies over the eastern Appalachi-
ans, with KGE values below —0.4. In contrast, the south-
ern part of the domain is relatively well represented, with
KGE values around 0.7 or higher. Summer and autumn are
the best-represented seasons for CaPA-24h v3.2, coinciding
with more active precipitation regimes (summer convection
and autumn cyclones), where the assimilation of surface data
likely provides added value, especially in the eastern domain,
where the surface observation network is denser.

Low KGE values are primarily driven by large biases, with
both CaPA-24h v3.2 and ERAS5-Land overestimating mean
RI5pTOT by at least a factor of two in several regions and
seasons; the sign of these biases is robust to sampling vari-
ability, as the bootstrap confidence interval for 8 excludes 1
in 98 %99 % of grid cells (Sect. S3). This result is somewhat
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Figure 8. Decomposition of the seasonal precipitation bias relative to PRISM into contributions from wet-day frequency (precipitation
> 1 mm) and mean precipitation intensity on wet days for ERA5-Land and CaPA-24h v3.2 over selected Bukovsky regions. Boxplots
show the distribution of regional biases for (a) winter (DJF) and (b) summer (JJA) over the 2002-2018 period. Positive values indicate an

overestimation by ERA5-Land or CaPA-24h v3.2 relative to PRISM.

counterintuitive, as one might expect mean annual R95pTOT
values to be lower in the reanalyses given the finer native
grid resolution of PRISM. However, because R95pTOT is
defined relative to the 95th percentile, the higher threshold in
PRISM leads to fewer exceedances and thus lower values.
Conversely, the lower 95th-percentile threshold in CaPA-
24h v3.2, and especially in the smoother ERA5-Land, pro-
duces more frequent exceedances. It should also be noted
that percentiles are computed over the relatively short 2002—
2018 period, which may limit their robustness. On the posi-
tive side, correlations for each season are close to one, indi-
cating that the temporal variability of RO5pTOT is well cap-
tured, particularly by CaPA-24h v3.2 and, to a lesser extent,
ERAS-Land. This suggests that, with appropriate bias correc-
tion, the temporal evolution of R95pTOT could be accurately
represented.

KGE and its components were also computed for Rx5day
and R99pTOT (notshown; see Supplement). Regional and
seasonal patterns for Rx5day are consistent with those ob-
tained for Rxlday, with slightly reduced sampling uncer-
tainty due to the temporal smoothing of the 5 d accumulation.
For R99pTOT, spatial patterns resemble those of RO5pTOT,
but sampling uncertainty becomes very large (median g CI
widths exceeding 3; Sect. S4), so that grid-cell scores for this
index is difficult to interpret.
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6.5 Representation of the daily cycle of precipitation
intensity

Analyzing the diurnal cycle of hourly precipitation provides
insights beyond mean totals, as it reveals whether models
capture the correct timing, amplitude, and regional structure
of precipitation events. This diagnostic is particularly rele-
vant in summer, when convection dominates (Pradhan et al.,
2025; Dai, 2024), as many models tend to trigger rainfall too
early in the day or misrepresent its intensity. In the follow-
ing, the diurnal cycle is evaluated by comparing the hourly
reanalysis from CaSR v3.2 (i.e. the disaggregated CaPA-24h,
Sect. 4) with ERA5-Land.

Figure 11 shows the median and interquartile range of the
diurnal cycle of precipitation intensity for selected regions,
displayed from 12:00 to 12:00 UTC over the 1980-2018 pe-
riod, for winter (Fig. 11a) and summer (Fig. 11b). To ease
the interpretation of UTC times, mean local solar noon is
indicated in each panel, providing a fixed geographic refer-
ence that is independent of time-zone boundaries. In winter,
as expected, the diurnal cycle exhibits weak variability across
most regions, except in the Great Lakes region, where precip-
itation activity in both CaSR v3.2 and ERAS5-Land exhibits
a minimum near local solar noon and remains elevated from
the evening through the early morning, and in the East region
(not shown), where activity mainly occurs overnight and in
the early morning, with a relative minimum around midday.
Precipitation hourly rates are of similar magnitude in both
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Figure 9. Kling—Gupta Efficiency (KGE) and its three components — bias ratio (), variability ratio («), and correlation (r) — for the annual
Rxlday index, computed separately for each season (columns) and for the 2002-2018 period. Every other row corresponds to a different
reanalysis, with CaPA-24h v3.2 and ERAS5-Land evaluated against PRISM. The y-axis labels indicate the reanalysis product being compared.
For all four metrics, a value of one represents a perfect match with PRISM.

datasets. These findings are consistent with Dai et al. (1999),
who reported weak wintertime diurnal variations over the
contiguous United States. Small peaks appear in CaSR v3.2
at specific synoptic hours (06:00, 12:00, and 18:00 UTC),
corresponding to the lead-time stitching inherent to the dis-
aggregation process. These artefacts are more pronounced in
wetter regions, such as the South and, to a lesser extent, the
Desert.

During summer (Fig. 11b), the diurnal cycle is more pro-
nounced, and the non-physical discontinuities in CaSR v3.2
are more visible. Ignoring these artificial peaks, both datasets
reproduce the expected pattern: summer precipitation gener-
ally peaks in the late afternoon, around 3 to 6h after local
solar noon (i.e. 21:00-00:00 UTC depending on the region),
over the EBoreal, MtWest, Desert, Great Lakes, South, and

Hydrol. Earth Syst. Sci., 30, 5971-5998, 2026

East (not shown) regions. Some areas, such as the Prairies,
display a secondary maximum around midnight (06:00 UTC)
in addition to a main late-afternoon peak (23:00 UTC). These
patterns are consistent with the diurnal cycles documented
by Dai et al. (1999), highlighting the typical late-afternoon
maximum of convective precipitation.

The artificial discontinuities in CaSR v3.2 at synoptic
hours reach amplitudes of about 0.02 mmh~! in summer and
are associated with decreases in precipitation intensity im-
mediately following each peak. These features partly reflect
the lead-time stitching inherent to the temporal disaggrega-
tion procedure, whereby precipitation amounts tend to be en-
hanced near forecast boundaries. In addition, part of the bias
in the diurnal cycle may be related to model spin-up effects,
as the atmospheric model typically requires 12 to 24 h to es-
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Figure 10. Same as Fig. 9 but for the R95pTOT index.

tablish a dynamically consistent diurnal cycle of precipita-
tion over the domain. During this adjustment period, precip-
itation characteristics have not yet fully stabilized and may
differ from their representative diurnal cycle. The presence
of these artefacts, and potential approaches to mitigate them,
are discussed in the Conclusion as part of future improve-
ments to the reanalysis. Overall, the temporal disaggregation
procedure (Sect. 4) does not appear to substantially alter the
phase of the diurnal cycle itself, although event-based analy-
ses (Dunkerley, 2008) could provide further insight.

7 Near-real-time completion of CaPA-24h from CaSR
v3.2 using operational CaPA

As described in Sect. 4, the CaSR v3.2 reanalysis cur-
rently extends until December 2024. For users seeking
to extend the precipitation time series beyond this pe-
riod using the operational CaPA system, it is important
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to understand the main similarities and differences be-
tween the two products, as well as the precautions required
when combining them. The recommended methodology
for constructing CaSR-like precipitation fields from opera-
tional CaPA for near—real-time applications is documented
online (https://hpfx.collab.science.gc.ca/~scar700/rcas-casr/
dataset_specifics.html#create_casr-like_with_ops, last ac-
cess: 18 September 2026).

Among the different operational versions of CaPA (low-
resolution, high-resolution, and ensemble), the 24 h accumu-
lation from the Regional Deterministic Precipitation Analy-
sis (hereafter CaPA-RDPA) is considered, as it most closely
resembles CaPA-24h in terms of grid spacing (A ~ 10km)
and domain coverage (North America). Background field of
this version of CaPA is based on an identical model config-
uration but differ by the initialization and lateral boundaries.
Both the operational and CaSR v3.2 grids are geographically
collocated, although the domain limits differ slightly. The
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Figure 11. Diurnal cycle of hourly precipitation intensity in winter (a, DJF) and summer (b, JJA) for CaSR v3.2 (blue) and ERAS5-Land
(gold). The thick line shows the regional median of the hourly mean precipitation over 1980-2018, and the shaded area denotes the in-
terquartile range (25th—75th percentile). The dotted vertical line (or grey band, for regions with a large longitudinal extent) indicates mean
local solar noon, computed from the longitudes of the grid cells within each region (5th-95th percentile range).

current operational configuration of CaPA-RDPA is docu-
mented in Lespinas et al. (2024), and its main characteris-
tics compared to CaPA-24h (CaSR v3.2) are summarized in
Table 1.

The shorter background forecast window used in CaPA-
RDPA (06:00-12:00 UTC) compared to CaPA-24h (06:00-
18:00 UTC), together with the assimilation of radar-based
QPE and IMERG precipitation estimates, is expected to in-
troduce systematic differences between the two analyses.
To assess the impact of these differences, the operational
CaPA-RDPA configuration was compared with CaSR CaPA-
24h using standard categorical verification metrics (i.e., FBI
and ETS), as well as seasonal accumulation maps and time
series. The evaluation was conducted over the 2021-2022
water year (October 2021-September 2022), corresponding
to the most recent operational configuration available as of
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June 2024. FBI and ETS were computed using manual syn-
optic stations in winter and a combination of manual and au-
tomatic stations in summer, with an identical verification sta-
tion sample applied to both experiments.

Figure 12 compares the performance of CaPA-24h
(CaSR v3.2) and the operational CaPA-RDPA in terms of
FBI and ETS. In winter, when neither radar nor IMERG data
are assimilated, both systems exhibit approximately 30 %
more precipitation events than observed, as indicated by the
FBI. This overestimation decreases to roughly 20 % in sum-
mer. For light precipitation (below 5 mmd~"), both analyses
reproduce the observed frequency reasonably well, whereas
at higher thresholds they tend to underestimate the number
of events, particularly in summer, with approximately 25 %
(CaPA-24h) to 50 % (RDPA) fewer occurrences than ob-
served. The background fields exhibit larger frequency biases

https://doi.org/10.5194/hess-30-5971-2026
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Table 1. Main characteristics of the 24h CaPA-RDPA and CaPA-24h (CaSR v3.2) analyses. RDOS refers to the Regional Deterministic
Prediction System, a numerical weather prediction model operated at ECCC. Radar QPE and IMERG are assimilated only during liquid-

precipitation events (temperature threshold of 0 °C).

CaPA-RDPA

CaPA-24h (CaSR v3.2)

Spatial resolution ~10km

~10km

Domain/grid size North America

North America

1140 x 1045 706 x 778
Validity time 06:00 and 12:00 UTC 12:00UTC
Assimilated inputs Surface stations Surface stations

Radar QPE

IMERG

Lead time window 06:00-12:00UTC

06:00-18:00 UTC

Background NWP model

RDPS (based on GEM 5.2.1)
issued at 00:00, 06:00, 12:00 and 18:00 UTC

RDRS (based on GEM 5.2.1)
issued at 00:00 and 12:00 UTC

Global initial conditions GDPS (GEM 5.2.1)

ERA5

System type

Operational (updated every 3 to 4 years)

Static reanalysis version

in CaSR v3.2 than in RDPA. This difference is consistent
with the longer 06:00—18:00 UTC background forecast win-
dow used in the reanalysis, which includes a longer model
adjustment (spin-up) phase at the beginning of each cycle.
During this period, precipitation characteristics are still stabi-
lizing, which can contribute to frequency biases in the back-
ground field. In both systems, the analysis step substantially
reduces these biases in all seasons, although residual defi-
ciencies remain for high-intensity precipitation events.

In terms of ETS, both analyses perform similarly in win-
ter, maintaining scores around 0.6 for the 5-20 mm thresh-
old range before declining rapidly at higher thresholds. In
summer, RDPA achieves slightly higher scores despite com-
parable background quality, though both systems show re-
duced performance relative to winter. An additional RDPA
experiment assimilating surface stations only, without radar
or IMERG inputs (not shown), produced nearly identical
ETS scores to those of CaPA-24h, demonstrating that radar
QPE and IMERG primarily enhance the spatial and temporal
coherence of the analyzed precipitation fields. However, the
FBI-1 remained nearly unchanged, suggesting that these ad-
ditional datasets mainly improve where precipitation occurs
rather than how frequently.

Figure 13 shows the seasonal accumulated precipitation
for winter (DJF) and summer (JJA) of 2022 from both CaPA-
24h (v3.2) and the operational RDPA. In winter, both analy-
ses display very similar large-scale patterns, indicating over-
all consistency between the two products. Some localized
differences are visible, notably along the western cordillera,
where CaPA-24h fields appear slightly smoother. In summer,
larger differences emerge over eastern Canada, particularly
in Québec, where RDPA shows lower accumulated precip-
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itation than CaPA-24h. This reduction is linked to the as-
similation of radar and IMERG data in the operational sys-
tem, which tend to constrain convective precipitation signals.
Indeed, when examining the equivalent RDPA experiment
that assimilates only surface stations (not disseminated pub-
licly), the differences over eastern Canada are substantially
reduced.

The time series shown in Fig. 14 place these seasonal dif-
ferences in a longer-term context and indicate that regional
seasonal precipitation from CaPA-24h v3.2 and the opera-
tional RDPA remains highly consistent, with overlapping in-
terquartile ranges and coherent interannual variability.

Taken together, these results indicate that, despite local-
ized seasonal differences, the two systems are broadly con-
sistent at climatological scales. Although this comparison is
based on a single year of overlap, the results suggest that
using operational CaPA-RDPA to extend CaSR v3.2 in near-
real-time applications is appropriate for climatological anal-
yses, such as regional trend assessments and seasonal to in-
terannual variability studies, without introducing major dis-
continuities in long-term time series. However, caution is
warranted when using operational RDPA for weather-scale
applications or detailed event-based analyses, particularly
during summer months and over regions where radar and
satellite data are assimilated. In such cases, localized differ-
ences in precipitation amounts and the spatial distribution of
convective events may be significant, and users should ac-
count for these systematic differences when interpreting re-
sults at finer temporal and spatial scales.
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Figure 12. Performance of daily precipitation estimates in terms of the Equitable Threat Score (ETS) and Frequency Bias Index (FBI) for
winter (DJF; panels a and ¢) and summer (JJA; panels b and d). Results are shown for CaPA-24h v3.2 (red circles), CaPA-RDPA (blue
circles), and their respective background fields (BK-v3.2 and BK-RDPA; dashed lines in matching colors). The shaded gray area indicates
thresholds where the sample size is too small to ensure meaningful statistics (< 50 of hits and misses).

8 Conclusions and discussions

CaSR v3.2 provides a high-resolution precipitation reanaly-
sis for North America spanning 1980-2024, built upon a two-
component system. The online component produces short-
range forecasts from a regional numerical weather prediction
configuration coupled to land-surface assimilation, while
the offline component (CaPA-24h) generates an observation-
driven 24 h precipitation analysis at 12:00 UTC by optimally
combining surface gauge observations with a background
field derived from the online forecasts. In version 3.2, sub-
stantial upgrades to the GEM model physics and resolution,
together with improved observation handling and a denser,
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better curated gauge archive, translate into more reliable pre-
cipitation background fields and, consequently, improved of-
fline analyses.

This study evaluated CaPA-24h v3.2 relative to its pre-
decessor (v2.1) and to two gridded datasets, ERAS-Land
(Mufioz-Sabater et al., 2021) and PRISM (Daly et al., 2008).
Verification against in situ observations relied on leave-one-
out analyses embedded within CaPA to limit artificial skill
inflation, and used complementary categorical and inten-
sity diagnostics (FBI, ETS, and the partial mean). Intercom-
parisons of gridded fields further assessed seasonal accu-
mulations, a frequency—intensity decomposition of total bi-
ases relative to PRISM, and extreme precipitation indices

https://doi.org/10.5194/hess-30-5971-2026
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Figure 13. Seasonal accumulated precipitation for winter (DJF, panels a—b) and summer (JJA, panels c—d) of 2022 from (a, ¢) CaPA-24h

within CaSR v3.2 and (b, d) the operational RDPA.
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Figure 14. Time series of seasonal accumulated precipitation for selected regions in (a) winter (DJF) and (b) summer (JJA). The solid
blue line and red marker show the regional medians for CaPA-24h from CaSR v3.2 and the operational RDPA, respectively. Shaded areas
represent the interquartile range (25th—75th percentiles) across all grid points within each region.

(Rx1day and R95pTOT) evaluated using the Kling—Gupta
Efficiency (KGE). In addition, the hourly precipitation prod-
uct derived from temporal disaggregation of CaPA-24h was
examined through regional diagnostics of the diurnal cycle.
The main conclusions are as follows:

https://doi.org/10.5194/hess-30-5971-2026

Several consistent features emerge from these analy-
ses. Station-based verification shows that CaPA-24h v3.2
achieves a level of skill comparable to that of v2.1 at obser-
vation locations, reflecting the strong constraint imposed by
assimilated gauges. At the same time, the background field in
v3.2 exhibits systematically reduced frequency bias and im-
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proved intensity characteristics relative to v2.1, differences
that are most influential in data-sparse regions where the
background field contributes more strongly to the final anal-
ysis. When the evaluation is separated into the 1980-1999
and 2000-2018 periods, the relative ranking of the products
remains stable, and only limited changes in performance are
observed. Differences between the two periods are mainly
confined to moderately extreme thresholds and are consistent
with sampling effects related to lower station density prior to
2000 and reduced wintertime gauge availability, rather than
with fundamental changes in system behaviour.

Gridded intercomparisons over the 2002-2018 period
show that CaPA-24h v3.2 shows closer agreement with
PRISM than ERAS5-Land for seasonal accumulation pat-
terns across much of the eastern domain, while both prod-
ucts exhibit their largest discrepancies over complex ter-
rain. The frequency—intensity decomposition demonstrates
that biases in seasonal totals are most often driven by er-
rors in wet-day frequency rather than by systematic intensity
errors. This analysis also highlights cases in which ERAS-
Land exhibits compensating frequency and intensity biases,
which can mask deficiencies when only total accumulations
are considered. Finally, extreme precipitation indices display
a pronounced east—west contrast: CaPA-24h v3.2 generally
achieves higher KGE values than ERAS5-Land over the east-
ern CONUS, whereas performance degrades for both prod-
ucts over the western cordillera, where remaining orographic
biases strongly affect both mean and variability.

The hourly precipitation fields derived from temporal dis-
aggregation capture the expected seasonal contrast in diur-
nal variability and reproduce the late-afternoon maximum
of warm-season precipitation over several regions. However,
non-physical peaks at synoptic hours, followed by inten-
sity drops, remain visible and reflect the current lead-time
stitching and rescaling strategy. These artefacts are most pro-
nounced in summer and in wetter regions, and may affect
event-duration statistics and derived hydrological indicators.

Several limitations condition the interpretation and use
of the dataset. Point—grid representativeness errors affect
threshold-based verification, particularly for localized con-
vective extremes and in regions of complex topography. Al-
though the leave-one-out framework reduces the direct im-
pact of assimilated observations on verification, spatial de-
pendence among validation points cannot be fully elimi-
nated. The pre-2000 evaluation period is also more sensi-
tive to sampling, owing to reduced station density and more
limited wintertime gauge availability. This period also coin-
cides with a major transition in the observing system around
2000; although preliminary evaluations did not reveal any
systematic discontinuity associated with this transition, cau-
tion is advised when using the dataset for long-term trend
analyses. Finally, PRISM exhibits documented temporal in-
homogeneities linked to changes in inputs and processing,
motivating restriction of PRISM-based analyses to the 2002—
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2018 period and limiting the robustness of percentile-based
extreme indices.

From a user perspective, CaPA-24h v3.2 can be used for
climatological analyses over North America at seasonal to
interannual time scales, as well as for regional water-cycle
assessments and land-surface or hydrological modelling ap-
plications. Relative to ERA5-Land, differences in the repre-
sentation of extreme precipitation are apparent, with spatial
patterns indicating higher agreement with observational ref-
erences over large parts of the domain and reduced perfor-
mance in regions of complex topography. At sub-daily reso-
lution, hourly precipitation fields reflect limitations inherent
to the current disaggregation methodology, which should be
considered when analysing the diurnal cycle or event-scale
precipitation statistics.

To ensure continuity beyond December 2024, CaPA-24h
from CaSR v3.2 was compared with the operational CaPA-
RDPA over the 2021-2022 water year. Despite localized sea-
sonal differences — most notably in summer over regions in-
fluenced by radar and satellite assimilation in the operational
system — the two products remain broadly consistent at cli-
matological scales. This consistency supports the use of op-
erational CaPA-RDPA to extend CaSR v3.2 time series for
climate-oriented applications, while continued caution is ad-
vised for weather-scale or event-based analyses, particularly
during warm-season convective regimes.

Future developments should prioritize directions that ad-
dress the remaining limitations identified here. These include
reducing spin-up effects through more frequent model ini-
tialization, improving daily-to-hourly disaggregation strate-
gies to mitigate synoptic-hour artefacts, integrating high-
resolution radar and satellite precipitation products, and ex-
ploring machine-learning-based bias correction approaches.
Together, these advances are expected to further enhance the
reliability of CaSR precipitation fields, particularly for ex-
tremes and sub-daily applications.

Appendix A: Background field and details of input
datasets

Al Construction of the 24 h background field

( T-127 D Jzz“
+6 +12
D 00Z
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Figure Al. Selected lead times from RDRS (in shaded blue) 24 h
issued forecast to build the background field for CaPA-24h valid at
12:00Z on day D (in shaded orange).

https://doi.org/10.5194/hess-30-5971-2026



D. Khedhaouiria et al.: The Canadian Surface Reanalysis (CaSR) v3.2 precipitation dataset 5993

A2 Details of assimilated datasets

Table A1l. Observational networks assimilated in the CaPA reanalysis and their periods of availability. Variables include precipitation (P);
temperature (7') and wind speed (||U||) are used only for quality control. Ntz denotes the number of unique station identifiers assimilated
at least once over the full reanalysis period, rounded to the nearest ten. Stations may relocate over time, so the number of unique station
coordinates can differ.

Network Domain Period (Origin) Ngta  Variables

SYNOP North America  1980-1999 (ISD); 2000—present (ECCC) 2870 P, T,||UJ|
SWOBP North America  1980-1999 (ISD); 2013—present (ECCC) 2140 P, T,||U]||
METAR North America  1980-1999 (ISD); 2000—present (ECCC) 3540 P, T,||U||

AdjDIyRS Canada 1980—present 3730 P
AdjHIyRS Canada 2003—present 380 P
RMCQ Quebec 1998—present 300 P, T,||U|
SHEF? USA 1980—present 21160 P, T,||U||
CoCoRaHS Canada 2014—present (ECCC) 150 P
NoN Canada 2000—present (ECCC) 780 P

@ CoCoRaHS USA observations are distributed through the SHEF network and are therefore included in the SHEF count. b SwoB
is a data distribution format aggregating ECCC and partner surface networks. The RMCQ and NoN networks, also distributed via
SWORB, are reported separately in this table; the SWOB row therefore counts the remaining stations only.

Appendix B: Regions over the North American domain
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Figure B1. Regions used in this study following the division proposed by Bukovsky (2011).
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Appendix C: Accumulations across the western
mountainous region
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Figure C1. Mean winter accumulated precipitation (PR in mm) over the 1981-2018 period, shown for CaSR v3.2 CaPA-24h (left) and

ERAS5-Land (right).

Appendix D: Scores
D1 Contingency-table based scores

The 2 x2 contingency table for binary events for precipitation
verification is shown in Table D1 below.

Table D1. The 2 x 2 contingency table for binary event verification.
The elements a, b, ¢, and d represent the frequency of hits (correct
detections), false alarms (incorrect detections), misses (undetected
events), and correct negatives (correct rejections), respectively.

Observed event  Observed event Total
Yes No
Analysis event a b a+b
Yes (hit) (false alarm)
Analysis event ¢ d c+d
No (miss) (correct negative)
Total a+c b+d | 1

The Frequency Bias Index (FBI) and Equitable Threat
Scores (ETS) based on Table D1 expresses as:

b
B = 40 (D1)
(@a+o)
ETs = =M (D2)
T a+b+c—h

where h, = (a + D) (a + c) illustrates the hits expected by
chance.
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The partial mean is given by the following:

N
2 Silisi<q)
E[S|S <ql="——, (D3)

21{5i<q}
1=

where §; is the daily precipitation of a given dataset and 1
is the indicator function that maps daily precipitation to 1 if
they are strictly below a given threshold g.

D2 Kling—-Gupta Efficiency (KGE) score

The Kling—Gupta Efficiency (KGE; Kling et al., 2012; Gupta
et al., 2009) is used to quantify the agreement between two
time series. It combines three complementary aspects of
model performance: correlation, bias, and variability. Con-
sidering the dataset to be evaluated (hereafter exp) and the
reference dataset (ref), the KGE is defined as

KGE=1—/(r—1)*+ (8- D+ (@— 17, (D4)

g = Htexe (D5)
Mref

o= (D6)
Oref

where r is the Pearson correlation coefficient, 8 is the bias
ratio (ratio of the means, w), and « is the variability ratio
(ratio of the standard deviations, o).
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Data availability. The CaSR v3.2 datasets are publicly available
through the Environment and Climate Change Canada data portal
at https://hpfx.collab.science.gc.ca/~scar700/rcas-casr/ (last access:
8 September 2026). In addition to the core CaSR atmospheric and
precipitation products, two derived datasets are distributed: CaSR-
Land, providing a surface reanalysis, and CaSR-River, providing a
river discharge reanalysis based on CaSR forcings. An intermedi-
ate release (CaSR v3.1) was previously disseminated. This version
contained a known issue affecting the offline precipitation reanaly-
sis over the province of Québec. The issue has been fully corrected
in CaSR v3.2, which supersedes all earlier v3 releases and should
be used for scientific applications.

Supplement. The supplement related to this article is available on-
line at https://doi.org/10.5194/hess-30-5971-2026-supplement.
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