
1 

 

Benchmarking Snow Products under Imperfect Observational 

Constraints: The Case of ERA5-Land across Canada and Alaska 

 
Ali Nazemi1, Robert Sarpong1,2  

1 Department of Building, Civil and Environmental Engineering, Concordia University, Montreal, Quebec, Canada 5 
2 Urban Systems Ltd., Kelowna, British Columbia, Canada 

Correspondence to: Ali Nazemi (ali.nazemi@concordia.ca) 

Abstract. Gridded snow products enable assessment where observations are sparse, but benchmarking their fidelity is 

complicated because the snow state is imperfectly observed. We formulate benchmarking as an evidence-based inference 

problem using ERA5-Land Snow Cover Fraction (SCF), snow density (Rho), Snow Depth (SD), and Snow Water Equivalent 10 

(SWE) across Canada and Alaska. ERA5-Land and competing products are harmonized to 25 km and evaluated against satellite 

retrievals and in-situ observations at daily and monthly scales. Fidelity is assessed using goodness-of-fit measures for time-

series reconstruction and relative differences in long-term mean, trend, and detrended interannual variability. Fidelity varies 

with terrain, measurement technique, and observational density. ERA5-Land generally represents SCF and Rho more faithfully 

than SD and SWE, for which ERA5L consistently exhibits lower time-series fidelity relative to the competing gridded 15 

representations. Yet, ERA5-Land can be competitive, or preferred, for long-term mean SWE and trends of SD and SWE. Long-

term mean and variability generally covary with time-series fidelity, whereas trend fidelity is weakly related and can exhibit 

trade-offs. This diagnostic dependence produces diagnostic inconsistency, with consequential outcomes such as reversing the 

inferred direction of regional SCF change in the Northern Arctic. Incomplete observational support creates distinct limits. For 

example, in the Marine West Coast Forest, gridded representations cannot be distinguished in their fidelity for SD trend where 20 

observations exist, yet yield opposing trends across unconstrained areas. In the ~800,000 km² Southern Arctic, ambiguity arises 

because observations are absent, while four SWE products support markedly different trend magnitudes and signs. 

Benchmarking should therefore assess product fidelity alongside the strength of evidence supporting it, evaluate diagnostic 

sensitivity, and retain unresolved disagreement where observations are absent or cannot discriminate among alternatives. 

1 Introduction 25 

Seasonal snow is a key land feature at high latitudes and elevations (Sexstone et al., 2016; Stiegler et al., 2016; Mitterer and 

Schweizer, 2013). It regulates surface albedo (Lackner et al., 2022; Willeit and Ganopolski, 2018), insulates the land surface 

(Kim et al., 2018; You et al., 2014), and plays a central role in regional water and energy cycles (Bair et al., 2016; Deng et al., 

2019). From a hydrological perspective, Snow Cover Fraction, Snow Depth, snow density, and Snow Water Equivalent 

(hereafter SCF, SD, Rho, and SWE, respectively) provide complementary information on water availability associated with 30 

seasonal snow (Wang and Zheng, 2020; Li et al., 2017). SCF describes the fraction of land covered by snow, and influences 
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surface albedo and the spatial distribution of meltwater (Lehning, 2013; Sarpong et al., 2026). SD characterizes the vertical 

thickness of the snowpack and is relevant to snow accumulation and loss dynamics, and snow-related hazards (Shijin et al., 

2022; Kazama et al., 2008). Rho physically links SD and SWE and provides an important diagnostic of snowpack state and 

evolution (Gao et al., 2022). SWE quantifies the water stored in the snowpack and is central to water-resource management 35 

and flood-risk assessment (Skaugen et al., 2012; Vionnet et al., 2021). These variables vary substantially with latitude, 

topography, land cover, and climate (Stiegler et al., 2016; Bormann et al., 2013). Climate change is also increasingly altering 

snow precipitation, accumulation and ablation dynamics, as well as their contributions to regional water and energy balances 

(e.g., Barnett et al., 2005; Musselman et al., 2021; Fang and Leung, 2023; Ryberg, 2024).  

Close monitoring of snow variables is therefore critical for characterizing snow water availability, particularly under 40 

heightened climate variability and change. However, monitoring snow over large domains remains challenging because no 

observational system simultaneously provides high accuracy, long records, broad coverage, and spatial support suitable for 

regional-to-continental assessments. In-situ measurements provide the most direct observations of snow conditions and are a 

primary source of information on snow variables (Stähli et al., 2004; Brown et al., 2021). Emerging in-situ archives 

increasingly consolidate historical observations over large domains (e.g., Vionnet et al., 2021; Mortimer and Vionnet, 2025), 45 

but monitoring networks remain sparse and uneven, particularly in high-latitude and high-elevation environments. Satellite 

remote sensing provides complementary synoptic information (Dietz et al., 2012; Broxton and van Leeuwen, 2020; Lievens 

et al., 2019; Notarnicola, 2020), although retrieval capability differs markedly among snow variables and sensor types 

(Brubaker et al., 2005; Appel, 2018; Hassler and Lauer, 2021). Optical sensors such as the Moderate Resolution Imaging 

Spectroradiometer (MODIS; Hall and Riggs, 2007; see Riggs et al., 2017; Rittger et al., 2021; and Gascoin et al., 2020 for 50 

other optical sensors) can represent SCF, but cloud cover, vegetation, and polar night constrain their availability and accuracy 

(Molotch et al., 2004; Hall et al., 1998; Trepte et al., 2003). Retrieval of SD, Rho, and particularly SWE is more challenging 

(Dong et al., 2005; Schilling et al., 2024). Passive-microwave sensors, including the Advanced Microwave Scanning 

Radiometer for Earth Observing System (AMSR-E and AMSR2), see Kelly et al. (2003) and Du et al. (2017), provide records 

suitable for large-scale SD, Rho, and SWE estimation, but their coarse resolution and sensitivity to terrain, vegetation, snow 55 

depth, wetness, and microstructure can affect fidelity (Foster et al., 2005; Byun and Choi, 2014). Active Synthetic Aperture 

Radar (SAR) systems such as Sentinel-1 (Hoppinen et al., 2024) offer finer spatial information (Marshall and Koh, 2008; Patil 

et al., 2020), but important limitations remain across dry, shallow, and deep snow conditions. Light Detection and Ranging 

(LiDAR; Deems et al., 2013) can provide high-resolution SD estimates; however, limitations related to snow conditions, 

temporal sampling, or spatial coverage remain. Currently, no remote-sensing system provides all relevant snow variables with 60 

the accuracy, duration, coverage, and temporal resolution required for large-scale assessments (Tsang et al., 2022). 

Gridded model-based products complement these observational limitations by providing spatially and temporally continuous 

representations of historical snow conditions. Reanalyses are particularly valuable because they combine numerical Earth 
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System modelling with historically constrained atmospheric states through data-assimilation systems to reconstruct past 

conditions consistently in space and time (Lindsay et al., 2014; Parker, 2016). Reanalysis approaches increasingly extend to 65 

land-surface and regional hydroclimate systems (Rasmussen et al., 2023), including dedicated snow reanalyses (Fang et al., 

2022). Their fidelity, however, remains dependent on atmospheric forcing, land-surface model structure and parameterization, 

spatial resolution, and the availability and type of assimilated information. Considerable biases can therefore occur (Graham 

et al., 2019; Sun et al., 2018), especially when snow observations are not directly assimilated (Mortimer and Mudryk, 2025). 

Numerous studies have consequently benchmarked reanalysis snow fields against observations and other reference datasets 70 

(Morice et al., 2012; Rapaić et al., 2015; Orsolini et al., 2019; Schumacher et al., 2020; Baxter et al., 2024; Ma et al., 2023). 

Collectively, these evaluations suggest comparatively better representation of SCF and Rho (Gao et al., 2022; Akyurek et al., 

2023), while larger discrepancies are commonly reported for SD and SWE (Kouki et al., 2023; Monteiro and Morin, 2023).  

Despite these advances, benchmarking gridded snow products involves a fundamental epistemic problem, because the state 

against which a product is evaluated is itself imperfectly known. From a broader perspective, Oreskes et al. (1994) argued that 75 

numerical models of natural systems cannot be verified or validated in the strong sense of demonstrating their truth, because 

observations and model inputs are incomplete and multiple representations may remain consistent with the available evidence. 

Agreement with observations can strengthen confidence, but cannot demonstrate that a model uniquely represents the 

underlying natural state. This epistemic limitation is often incompletely explored in product benchmarking (e.g., Hamm et al., 

2020; Xu et al., 2022; Fatolahzadeh Gheysari et al., 2024), and is particularly consequential for snow, where observations 80 

remain sparse, uneven, and subject to scale and representativeness mismatch with gridded products. Recent cryosphere 

literature has increasingly recognized this limitation. Because neither observations nor model-based products provide an 

unequivocal representation of snow at all relevant scales, integration and cross-comparison among multiple evidences are 

suggested (Huning and AghaKouchak, 2020), typically after harmonizing to comparable spatial and temporal support (Lei et 

al., 2023; Kouki et al., 2023). Yet agreement among products cannot itself establish fidelity to the underlying snow state 85 

(Mudryk et al., 2015). Mortimer et al. (2020) distinguished evaluation against independent observations from intercomparison 

among nine gridded products, while Mudryk et al. (2025) extended this progression toward multi-evidence and multi-criteria 

evaluation. Benchmarking gridded snow products is therefore more appropriately viewed as inference from multiple imperfect, 

differently supported, and potentially non-independent representations of an incompletely observed snow state. What remains 

less systematically addressed is how limitations in observational support translate into limits on the strength of inference itself, 90 

including whether competing products can be discriminated, whether conclusions remain transferable to observationally 

unconstrained regions, and whether different benchmarking diagnostics support consistent assessments of fidelity. 

Beyond this epistemic limitation, a related inferential problem concerns what aspect of fidelity is being evaluated and how. 

Mortimer et al. (2020) found that no single product performed best across all benchmarking criteria. Conventional Goodness-

of-Fit (GoF) measures characterize correspondence between paired time series, whereas long-term mean, interannual 95 
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variability, trend, persistence, and spatial organization represent distinct characteristics. Mudryk et al. (2015) showed that 

relatively strong correspondence in temporal anomalies can coexist with substantial differences in climatological snow mass. 

Thus, good time-series correspondence does not necessarily imply faithful reconstruction of application-relevant 

characteristics. Likewise, reproducing the broad spatial organization of a snow field, a common focus of gridded-product 

evaluations (Henn et al., 2018; Monteiro and Morin, 2023; Scherrer et al., 2023), does not imply spatially unstructured 100 

discrepancies; errors may vary systematically across space or with characteristics of the available observations. 

Here, we formulate benchmarking as a joint epistemic and diagnostic inference problem. Two conditions are central to this 

formulation. First, different fidelity dimensions or performance metrics can lead to different inferences about relative fidelity. 

Second, observational support varies in availability, duration, measurement footprint, and spatial representativeness. Together, 

these conditions create three epistemic limits on inference. First, diagnostic inconsistency may arise when conventional GoF 105 

measures and the ability to reproduce specific statistical characteristics lead to different assessments of relative fidelity. 

Second, non-identifiability occurs when competing gridded products cannot be meaningfully distinguished where observations 

exist but provide substantially different estimates where observations are absent. Third, ambiguity arises where no 

observational constraint is available to discriminate among alternative gridded representations. These distinctions separate 

product fidelity from the strength with which that fidelity can be inferred. Accordingly, benchmarking is not used here to 110 

establish a gridded product as a true representation of snow variable(s), but to quantify its correspondence with available 

evidence and determine the strength and limits of the conclusions that can be drawn from that correspondence. 

We demonstrate this framework using SCF, SD, Rho, and SWE from the fifth-generation European Centre for Medium-Range 

Weather Forecasts (ECMWF) land reanalysis (ERA5-Land; Muñoz-Sabater et al., 2021), across Canada and Alaska. ERA5-

Land provides a particularly informative test case because previous benchmarking efforts have reached contrasting conclusions 115 

regarding the fidelity of its snow fields. Several regional evaluations have reported substantial biases in ERA5 and ERA5-

Land snow fields, particularly in mountainous environments (Orsolini et al., 2019; Kouki et al., 2023; Monteiro and Morin, 

2023; Akyurek et al., 2023). In contrast, Mudryk et al. (2025) ranked ERA5-Land first among 23 Northern Hemisphere gridded 

SWE products based on cumulative performance across SWE climatology, variability, and trends, with particularly strong 

performance over mountainous North America. Rather than necessarily being contradictory, these conclusions may reflect 120 

differences in reference data, evaluation criteria, spatial support, and observational constraint. We specifically address four 

questions: (1) How well does ERA5-Land reproduce observed snow variables, and how does its performance compare with 

competing gridded products? (2) How does inferred fidelity depend on spatial gradients and attributes of observational support? 

(3) Does fidelity according to conventional GoF measures imply fidelity in reconstructing snow characteristics? (4) Where do 

available observations permit gridded representations to be discriminated, and where do non-identifiability or ambiguity limit 125 

inference about their relative fidelity? Together, these questions use ERA5-Land as a test case for the broader problem of 

benchmarking gridded snow products under imperfect observational constraints. 
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2 Case study and data support 

2.1 Study domain and available data 

Canada and Alaska are selected as the benchmarking domain because together they form a large, contiguous snow-dominated 130 

region of ~12 million km² (~8% of global land area) in which seasonal snow strongly influences regional climate, ecosystems, 

water availability, and socio-economic activities (Boelman et al., 2019; Callaghan et al., 2011; DeBeer et al., 2016). Snow 

conditions vary markedly across this domain in response to strong gradients in elevation, land cover, continentality, proximity 

to large water bodies, and climate variability and change (Bitz and Battisti, 1999; Brown, 2010; Bormann et al., 2013; Nazemi 

et al., 2017). Observational support is similarly heterogeneous, ranging from relatively well-monitored southern and lower-135 

elevation areas to sparsely observed northern and mountainous environments, making the domain particularly suitable for 

examining how observational support affects benchmarking conclusions.  

Benchmarking is organized across 21 ecological regions that partition northern North America into areas with broadly similar 

geology, climate, vegetation, and ecosystems (Omernik, 2004; Wright et al., 1998; McMahon et al., 2004), thereby providing 

a consistent spatial framework for regional comparison (Omernik and Griffith, 2014). The ecological regions are (1) Arctic 140 

Cordillera, (2) Northern Arctic, (3) Alaska Tundra, (4) Brooks Range Tundra, (5) Southern Arctic, (6) Alaska Boreal Interior, 

(7) Taiga Cordillera, (8) Taiga Plains, (9) Taiga Shield, (10) Hudson Plains, (11) Softwood Shield, (12) Mixed Wood Shield, 

(13) Boreal Plains, (14) Boreal Cordillera, (15) Western Cordillera, (16) Cold Deserts, (17) Temperate Prairies, (18) West 

Central Semiarid Prairies, (19) Atlantic Highlands, (20) Mixed Wood Plains, and (21) Marine West Coast Forest. Figure 1(a) 

groups these regions into six eco-clusters: Arctic/Tundra (regions 1-5), Boreal/Taiga (6-13), Mountainous/Arid (14-16), 145 

Prairies (17-18), Temperate East (19-20), and Marine West (21). These numerical identifiers and colour codes are used 

throughout the paper to refer to ecological regions and eco-clusters. Figure 1(b) shows the 25 km mean elevation distribution 

across the domain, ranging from approximately 0 to 3400 m, while Fig. 1(c) summarizes area and mean elevation by ecological 

region and eco-cluster. Northern Arctic is the largest region (>1.5 million km2), whereas Cold Deserts is the smallest (~50,000 

km2); Hudson Plains and Western Cordillera respectively have the lowest (<100 m) and highest (~1350 m) mean elevations 150 

among ecological regions. 

The benchmarking draws on four categories of data support, i.e., the subject product, competing gridded representations, 

observational constraints, and elevation data (Table 1). ERA5-Land (hereafter ERA5L) is the subject product and provides 

SCF, Rho, SD, and SWE at hourly resolution; these fields are aggregated to daily and monthly scales (see Section 3.1 below). 

At the daily scale, ERA5L SD is compared with CMC daily SD. At the monthly scale, ECCC provides a competing gridded 155 

representation for ERA5L SCF; CMC provides competing representations for Rho and SD; and CMC, ECCC, and unified 

AMSR-E/AMSR2 provide three competing representations for SWE. These competing products for SWE span assimilated-

analysis, blended multi-product, and satellite-retrieval approaches. MODIS (Hall et al., 2002) provides the observational 

constraint for monthly SCF, whereas daily in-situ observations available from the Northern Hemisphere in-situ Snow Water 
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Equivalent dataset (NorSWE; Mortimer and Vionnet, 2025) provide in-situ constraints for Rho, SD, and SWE fields of ERA5L 160 

and competing gridded representations. Because snow conditions vary strongly with elevation, we also use the Global Multi-

resolution Terrain Elevation Data 2010 (GMTED2010; Danielson and Gesch, 2011) to characterize the elevation dependence 

of fidelity and discrepancies in ERA5L and the competing gridded representations. These datasets are described below. 

  
(a) (b) 

 
(c) 

Figure 1: Study domain and spatial framework using ecological regions: (a) spatial extent of the 21 ecological regions 

and six eco-clusters across Canada and Alaska; (b) mean elevation from GMTED2010 (Danielson and Gesch, 2011) 165 

aggregated to the 25 km grid; and (c) area (1000 km²; top) and mean elevation (m; bottom) across ecological regions 

and eco-clusters. 
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Table 1. Datasets used in benchmarking, including their role, product type, supported snow variable(s), native temporal and 

spatial scales, and period of data record. 

Role in 

benchmarking  
Product and type Variable  

Temporal 

scale 
Spatial scale 

Available data 

period 

Subject product 
ERA5-Land 

(ERA5L): Offline land reanalysis 

Rho 

Hourly 
~9 km 

(0.1° × 0.1°) 
1950 –present 

SD 

SWE 

SCF 

Competing 

gridded 

representations 

CMC: Assimilated snow analysis 

SD Daily  

~24 km 1998 – 2020 
SWE Monthly 

Rho 

(derived) 
 Monthly 

ECCC: Blended multi-product snow 

dataset 

SWE  
Monthly 

~25 km  

(0.25° × 0.25°) 
1981 – 2016 

SCF 

AMSR-E/AMSR2: Satellite SWE 

retrieval 
SWE 5-day 25 km 

2002 –present 

(9-month gap 

in 2011-2012) 

Observational 

constraints 

MODIS: Satellite SCF retrieval SCF Monthly 
~5 km  

(0.05° × 0.05°) 
2000 –present 

NorSWE: In-situ observational archive 

Rho 

(derived)  
Daily 

Point, transect, 

flight-line 
1979 – 2021 

SD 

SWE 

Elevation 

support 
GMTED2010: Digital Elevation Model 

Mean 

elevation 
N/A ~1 km N/A 

 170 

2.2 ERA5-Land snow fields 

ERA5L provides hourly snow fields at approximately 9 km (0.1°) resolution from 1 January 1950 to present. It is produced 

through an offline integration of the Hydrology-Tiled ECMWF Scheme for Surface Exchanges over Land (HTESSEL; 

Balsamo et al., 2009), forced by downscaled ERA5 atmospheric fields (Hersbach et al., 2020). ERA5L does not directly 

assimilate land or snow observations during this offline integration, although its atmospheric forcing inherits the observational 175 

constraints incorporated into ERA5. Section S1 of the Supplement briefly summarizes the HTESSEL representation of Rho, 

SD, SWE, and SCF. The ERA5L snow fields are obtained through the ECMWF Climate Data Store Application Programming 
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Interface (CDS-API; see Data availability) and constitute the subject product evaluated against the observational constraints 

and competing gridded representations described below. 

2.3 Competing gridded representations 180 

The Canadian Meteorological Centre (CMC) snow analysis (Brown et al., 2003) has been widely used as a reference or 

comparison dataset in North American snow studies (Frei et al., 2005; Niu and Yang, 2007; Brown and Frei, 2007; Cooper et 

al., 2018; Yoon et al., 2022), but is treated here as a competing gridded representation for SWE and SD, from which monthly 

Rho can be derived.  The product provides daily analysed SD and monthly estimated SWE over the Northern Hemisphere at 

approximately 24 km resolution for 1998-2020. Daily SD combines in-situ snow-depth observations with a first-guess SD 185 

field generated by a temperature-index snowpack model forced with analysed temperature and forecast precipitation. The in-

situ observations include surface synoptic SD reports and other observations distributed through the World Meteorological 

Organization information system. Monthly SWE is estimated from monthly mean analysed SD together with monthly 

climatological Rho estimates (Sturm et al., 2010). Section S2 of the Supplement summarizes the analysis procedure. Daily SD 

and monthly SWE are obtained from the NASA National Snow and Ice Data Center (NSIDC; Brown and Brasnett, 2010; see 190 

Data availability). Monthly SWE is unavailable during July-September, and grid cells flagged by the product developers for 

unrealistically high SD or SWE are excluded. Monthly CMC Rho is subsequently derived from the harmonized SWE and SD 

fields as described below in Section 3.1.  

The Environment and Climate Change Canada (ECCC) blended snow dataset provides monthly SCF and SWE over Canada 

and Alaska at 0.25° × 0.25° resolution for 1981-2016 (see Data availability). Following Mudryk et al. (2015), the product 195 

blends four daily SWE estimates derived from distinct but partly dependent modelling, reanalysis, and retrieval approaches. 

These estimates are from (1) the Modern-Era Retrospective Analysis for Research and Applications, Version 2 (MERRA-2; 

Global Modeling and Assimilation Office, 2016; Gelaro et al., 2017); (2) the temperature-index snow model of Brown et al. 

(2003), here forced by ERA-Interim temperature and precipitation without direct snow assimilation; (3) simulations from the 

physically based Crocus snowpack model, also forced by ERA-Interim (Brun et al., 2013); and (4) European Space Agency 200 

GlobSnow version 2, which combines passive-microwave observations, snow-emission modelling, and surface snow-depth 

observations to estimate SWE over non-alpine regions (Takala et al., 2011). Because GlobSnow is partly masked over 

mountainous terrain, its contribution is progressively reduced as mountainous fraction increases and is replaced by the mean 

of the other three estimates. After regridding and the mountainous-terrain adjustment, daily SWE from each source is averaged 

over the month, and the resulting monthly fields are combined into the multi-product mean. Monthly SCF is derived from each 205 

constituent daily SWE field by classifying a grid cell as snow covered when SWE exceeds 4 mm, averaging the resulting 

binary snow-presence indicator through the month, and then averaging across the four products. Accordingly, ECCC monthly 

SCF primarily represents the fraction of days classified as snow covered within a month rather than an instantaneous subgrid 
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snow-covered area fraction. Grid-cell SCF and SWE values are weighted by the fraction of land surface within each cell, 

excluding ocean, lakes, glaciers, and ice caps from the contributing land fraction. 210 

As the satellite-derived competing representation of SWE, we use the AMSR-E/AMSR2 Unified Level-3 Global 5-Day 25 km 

SWE, Version 1 (Tedesco and Jeyaratnam, 2019), distributed by NSIDC (see Data availability). The record combines 

brightness-temperature observations from AMSR-E (5 June 2002 to 2 October 2011) and AMSR2 (2 July 2012 to present), 

with an inter-mission gap of approximately nine months. The native 5-day value is the maximum valid daily SWE within each 

5-day window rather than a 5-day mean (Tedesco and Jeyaratnam, 2019). To improve consistency between the two sensor 215 

records, JAXA resamples the native Level-1 brightness temperatures to unified Level-1R fields using antenna-pattern matching 

based on the Backus-Gilbert inverse formulation (Backus and Gilbert, 1967; Maeda et al., 2016; Tedesco and Jeyaratnam, 

2019). The same Northern Hemisphere SWE retrieval framework of Tedesco and Jeyaratnam (2016) is then applied to both 

mission segments. Section S3 of the Supplement summarizes the retrieval procedure. Although the unified AMSR-E/AMSR2 

product (hereafter AMSR for brevity) is based on measured passive-microwave radiances, SWE is retrieved rather than directly 220 

observed and depends on electromagnetic modelling, effective grain-size estimation, retrieval coefficients, and a modelled 

spatiotemporal snow-density scheme (Pulliainen, 2006; Sturm et al., 2010; Tedesco and Jeyaratnam, 2016). It is therefore 

treated as a satellite-derived competing representation rather than a reference dataset. 

2.4 Observational constraints 

MODIS SCF products are widely used as observation-based constraints in snowpack assessments (e.g., Saavedra et al., 2018; 225 

Parajka and Blöschl, 2008; Dong, 2018; Di Marco et al., 2021). We use the MODIS/Terra monthly Level-3 global snow-cover 

product as the observational constraint for ERA5L’s SCF field. The monthly field is generated from daily SCF observations 

of the MODIS/Terra Daily L3 Global 0.05° Climate Modeling Grid product (MOD10C1), providing a gridded monthly 

representation suitable for large-domain assessment (Hall et al., 2002; Maurer et al., 2003). Because MODIS SCF is itself a 

satellite retrieval, it is treated as an observation-based constraint rather than an error-free representation of the snow state. 230 

Section S4 of the Supplement summarizes the retrieval and compositing procedure. Monthly MODIS SCF is obtained from 

NSIDC at approximately 5 km resolution for 1 March 2000-31 December 2023 (see Data availability). 

NorSWE is a harmonized compilation of quality-controlled Rho, SD, and SWE observations spanning 1979-2021 and was 

developed specifically to support evaluation of gridded SWE products (Mortimer and Vionnet, 2025). It contains 11,593,790 

valid SWE observations from 10,153 sites across North America, Russia, Finland, Norway, Switzerland, and Nepal, integrating 235 

measurement techniques with markedly different spatial footprints and sampling frequencies. Manual gravimetric snow 

surveys, or snow courses, account for ~66% of sites but only ~8% of SWE observations; they generally average approximately 

5-15 paired SD/SWE measurements, together with additional SD measurements, along predefined transects. NorSWE also 

contains 30,889 airborne passive-gamma SWE observations from 2,357 flight lines over the United States and southern 
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Canada, which integrate substantially larger spatial footprints than point measurements. Automated observations include snow 240 

pillows, snow scales, and fixed passive-gamma sensors. Although automated instruments represent only ~11% of sites, their 

high sampling frequency contributes approximately 92% of all SWE observations. Where paired SWE and SD measurements 

are available, Rho is derived from the paired observations. NorSWE also classifies sites as mountainous or non-mountainous 

using a combined terrain-slope and global mountain-inventory mask and is available at daily resolution (see Data availability). 

The strength and spatial representativeness of the NorSWE observational constraint are not uniform among sites. Point-based 245 

automated instruments generally sample areas smaller than ~100 m2 and may therefore be weakly representative of multi-

kilometer grid-cell snow conditions, whereas multi-point snow courses and airborne-gamma flight lines integrate substantially 

larger areas. Spatial coverage is especially sparse in the Arctic/Tundra eco-cluster. Mountain sites preferentially sample higher 

elevations but still underrepresent the highest-elevation terrain, while boreal forest and prairie environments are also 

underrepresented. Temporal support is similarly heterogeneous, as some networks contain >30 years of consistently sampled 250 

records, whereas many sites have shorter or intermittent records, and only a small fraction of airborne-gamma flight lines 

satisfy long-term consistency criteria. Rather than treating all observations as equally representative of grid-scale Rho, SD, 

and SWE, we retain terrain setting, measurement technique, observational density, and record length as explicit attributes of 

observational support and examine how inferred fidelity and discrepancies vary across these attributes. 

2.5 Elevation data  255 

GMTED2010 is a global Digital Elevation Model (DEM) produced by the U.S. Geological Survey (USGS) and the National 

Geospatial-Intelligence Agency (NGA) by integrating multiple elevation sources (Danielson and Gesch, 2011). It provides 

several topographic statistics at multiple spatial resolutions and has been widely used in hydroclimatic and environmental 

applications (Pakoksung and Takagi, 2021; Ermolaev et al., 2017; Amatulli et al., 2018). We obtain the ~1 km mean elevation 

field of GMTED2010 to characterize elevation across the study domain and to evaluate the elevation dependence of product 260 

fidelity and discrepancies. The data are obtained from USGS (see Data availability). 

3 Methods  

3.1 Harmonizing gridded data  

ERA5L and competing representations differ in temporal coverage, native resolution, and grid geometry (Table 1) and are 

therefore harmonized and paired consistently before benchmarking. We use 2 July 2002 to 31 December 2016 as the common 265 

multi-product benchmarking period, bounded by the beginning of the AMSR-E/AMSR2 record and the end of the ECCC 

record. The approximately nine-month AMSR inter-mission gap is retained as missing and excluded from SWE comparisons 

to preserve common temporal support; no values are infilled. All gridded datasets are clipped to the landmass of Canada and 

Alaska using the Global Administrative Areas boundaries (GADM; https://gadm.org/data.html). ERA5L hourly values are 
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averaged to daily values and then to monthly values on their native grid. CMC daily SD is similarly averaged to monthly 270 

values. For AMSR, monthly SWE is calculated as the unweighted arithmetic mean of all valid native 5-day values whose 

nominal product dates fall within a calendar month. Because each native 5-day AMSR value is itself the maximum valid daily 

SWE within that 5-day window, the resulting monthly AMSR series represents the mean of 5-day maxima rather than the 

mean of daily SWE. CMC and ECCC SWE, as well as ECCC and MODIS SCF require no temporal aggregation. 

To allow consistent comparisons among gridded datasets, we adopt approximately 25 km as the common target spatial support 275 

and aggregate all finer-resolution datasets accordingly. ERA5L, MODIS, and GMTED2010 (Table 1) are first aggregated by 

area-weighted averaging to approximately 25 km. The contribution of each source cell is weighted by the fraction of its area 

overlapping the target cell. We apply a conservative complete-support criterion whereby, if any source cell required for an 

aggregation is missing, the aggregated target cell is also treated as missing. This criterion particularly reduces coverage near 

coastlines and water bodies but ensures that retained aggregated values are based on complete contributing spatial support. 280 

Because the resulting grids remain spatially misaligned among products, all fields are subsequently remapped to the common 

25 km grid used by NASA’s Making Earth System Data Records for Use in Research Environments (MEaSUREs) global 

landscape Freeze-Thaw Earth System Data Record (FT-ESDR; Kim et al., 2017), which contains 18,060 land grid cells over 

the study domain. Residual grid misalignment is resolved using inverse-distance-weighted interpolation from the four nearest 

neighbors based on Euclidean distance (Hatami and Nazemi, 2021, 2022). CMC, ECCC, and AMSR, which are already 285 

provided at approximately the target spatial resolution, are remapped directly to the same common grid. After harmonization, 

monthly CMC Rho is derived from coincident valid SWE and positive SD estimates. 

After remapping, ERA5L is paired with each competing gridded representation on the common grid over the 2002–2016 

benchmarking period. At the daily scale, only ERA5L and CMC SD can be paired (Table 1). At the monthly scale, ERA5L is 

paired with ECCC for SCF, with CMC for Rho and SD, and with CMC, ECCC, and AMSR for SWE. Pairwise analyses retain 290 

only coincident grid and time steps with valid values in both products. For variables with multiple competing representations, 

comparisons are restricted to their common spatiotemporal support so that differences in inferred fidelity are not driven by 

unequal data coverage. Before conditioning on observations, this common support covers nearly 89%, 78%, 73%, and 84% of 

the domain for SCF, SD, Rho, and SWE, respectively. For consistency across variables and products, annual summaries are 

constructed from the nine-month October–June window because CMC SWE is unavailable in July to September. Accordingly, 295 

“annual” summaries below refer to quantities calculated from the nine retained months within each calendar year. 

3.2 Conditioning on observational constraints 

After gridded-product pairing, the comparisons are conditioned on the corresponding observational constraints. For SCF, 

observational conditioning is possible only at the monthly scale (Table 1). MODIS is harmonized to the common 25 km 

MEaSUREs grid using the same spatial procedure described above, and only grid cells with a complete MODIS record over 300 
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the retained October–June benchmarking months are retained. Because polar night prevents complete late-fall and winter 

retrievals at high latitudes, this criterion excludes grid cells above 64°N (Figure S1 in the Supplement), corresponding to about 

42% of the study domain and including most of the Arctic/Tundra, large portions of Boreal/Taiga, and parts of 

Mountainous/Arid. The remaining 58% of the domain provides complete monthly MODIS support for SCF benchmarking. 

For Rho, SD, and SWE, NorSWE provides the observational constraints. No spatial interpolation of the in-situ observations is 305 

applied; individual observations are assigned to the common 25 km grid cell containing their reported location. At the daily 

scale, gridded estimates are paired with observations on coincident dates. For monthly analyses, valid daily in-situ observations 

within each month are averaged arithmetically to form a monthly observational estimate, and gridded monthly values are 

paired only where such an estimate exists. These monthly values therefore represent averages of the available observations 

and do not necessarily constitute complete within-month means for intermittently sampled measurement types. For each 310 

variable and time scale, we first retain grid cells with cumulative observational support equivalent to at least one nine-month 

analysis year, defined as at least 273 daily observations or 9 monthly estimates during the benchmarking period. These grid 

cells are used to evaluate time-series correspondence (hereafter weak conditioning). We then identify the subset with support 

equivalent to at least 10 distinct analysis years, (as at least 2730 daily observations or 90 monthly estimates grouped in 10 

years), for evaluating reconstruction of long-term mean, trend, and interannual variability (hereafter strong conditioning). 315 

These thresholds of data availability are pragmatic choices that balance record length against spatial coverage and denote 

relative levels of observational support within this study rather than certainty that the underlying snow state is known. 

Figures S2 and S3 in the Supplement show the grid cells satisfying these conditioning criteria at daily and monthly scales, 

respectively. Figures S4–S7 summarize the corresponding observational attributes, including terrain setting (non-mountainous 

versus mountainous), measurement technique (multi-point, single point, snow pillow, passive gamma, airborne, or mixed), 320 

observational density within each grid cell, and record length. Most selected sites contain mixed measurement types and, 

except under weak monthly conditioning, conditioned grid cells are concentrated in mountainous terrain (see also the elevation 

profiles in Figures S2 and S3). For Rho, SD, and SWE at both time scales, many grids contain more than one in-situ observation 

site. In such cases, we construct a grid-level observational series by taking the arithmetic mean of all valid observations 

available within that grid cell on the corresponding day or within the corresponding month. 325 

Table S1 in the Supplement summarizes the number of grid cells satisfying the daily and monthly conditioning criteria for 

Rho, SD, and SWE across ecological regions. Observational coverage is substantially smaller for the daily analyses; for 

example, Rho satisfies strong conditioning in only 7 grid cells across the entire domain. Monthly SWE has the broadest in-situ 

support, with 832 weakly conditioned grid cells, but these still represent only about 4.6% of the 18,060-cell study domain. 

Coverage is particularly sparse in Arctic/Tundra regions, Hudson Plains, and West Central Semiarid Prairies. This spatially 330 
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limited support motivates the explicit analysis of observational constraint, diagnostic inconsistency, and identifiability in 

Sections 3.5 and the corresponding results in Section 4.4. 

3.3 Benchmarking metrics 

Table 2 summarizes the dimensions of the benchmarking framework. Evaluation is performed at daily and monthly scales over 

grid cells satisfying the corresponding observational-conditioning criteria. Two complementary dimensions of fidelity are 335 

considered: (1) time-series fidelity, which evaluates how well ERA5L and competing gridded representations reproduce 

observed temporal dynamics; and (2) characteristic fidelity, which evaluates how well they reconstruct the long-term mean, 

trend, and interannual variability of annual snow characteristics. 

Table 2. Benchmarking framework for evaluating ERA5L and competing gridded representations, including fidelity 

dimension, diagnostic measure, observational conditioning, benchmarking subject, number of conditioned grid cells, and 340 

competing representation(s). 

Benchmarking 

scale 

Benchmarking 
dimension 

Measure/conditioning 
Benchmarking 

subject 

Number of 

grids 

conditioned 

on 

observations 

Competing gridded 

product(s) 

Daily 

Time series 

fidelity 

PBIAS, NSE, KGE; 

weak conditioning 

Rho time series 66 N/A 

SD time series 74 CMC 

SWE time series 122 N/A 

Characteristic 

fidelity 

RD of long-term 

mean, trend, and 

detrended standard 

deviation; strong 

conditioning 

October–June annual 

maximum Rho 
7 N/A 

October–June annual 

maximum SD 
30 CMC 

October–June annual 

maximum SWE 
76 N/A 

Monthly 

Time series 

fidelity 

PBIAS, NSE, KGE; 

weak conditioning 

SCF time series  10419 ECCC 

Rho time series 667 CMC 

SD time series 723 CMC 

SWE time series 832 
CMC; ECCC; 

AMSR 

Characteristic 

fidelity 

RD of long-term 

mean, trend, and 

detrended standard 

deviation; strong 

conditioning 

October–June annual 

mean SCF 
10419 ECCC 

October–June annual 

mean Rho 
41 CMC 

October–June annual 

mean SD 
52 CMC 

October–June annual 

mean SWE 
85 

CMC; ECCC; 

AMSR 
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Time-series fidelity is quantified using three GoF measures, i.e., percent bias (PBIAS), Nash–Sutcliffe efficiency (NSE; Nash 

and Sutcliffe, 1970), and Kling–Gupta efficiency (KGE; Gupta et al., 2009). PBIAS measures mean bias, NSE evaluates 

squared error relative to the observed variability, and KGE jointly assesses correlation, relative variability, and mean behavior: 345 

PBIAS =
∑ (𝑋𝐸/𝑃,𝑖 − 𝑋𝑂,𝑖)
𝑛
𝑖=1

∑ 𝑋𝑂,𝑖
𝑛
𝑖=1

× 100 (1) 

NSE = 1 −
∑ (𝑋𝐸/𝑃,𝑖 − 𝑋𝑂,𝑖)

2𝑛
𝑖=1

∑ (𝑋𝑂,𝑖 − 𝜇𝑂)
2𝑛

𝑖=1

 (2) 

KGE = 1 − √(𝑟 − 1)2 + (𝛼 − 1)2 + (𝛽 − 1)2,  𝛼 =
𝜎𝐸/𝑃

𝜎𝑂
,  𝛽 =

𝜇𝐸/𝑃

𝜇𝑂
 (3) 

where, 𝑋𝑂,𝑖 denotes the observational constraint for snow field X at time i; 𝑋𝐸/𝑃,𝑖 denotes the corresponding gridded estimate; 

n is the number of paired values; r is the Pearson correlation coefficient; 𝜇𝑂 and 𝜇𝐸/𝑃 are the corresponding sample means; 

and 𝜎𝑂 and 𝜎𝐸/𝑃 are the corresponding standard deviations. Positive and negative PBIAS indicate over- and underestimation, 

respectively, and PBIAS = 0 indicates no aggregate bias. NSE = 1 and KGE = 1 are optimal, with progressively smaller values 

indicating poorer correspondence. For NSE, values below zero indicate that the mean of the observational series provides a 350 

lower squared-error benchmark than the evaluated product. GoFs are calculated over weakly conditioned grid cells (Table 2) 

and summarized using empirical cumulative distribution functions (ECDFs) and spatial mean values. For Rho, SD, and SWE, 

the spatial mean GoFs are additionally stratified by terrain setting, measurement technique, and observational density. 

Characteristic fidelity is evaluated using three attributes of the annual snow series, i.e., long-term mean, trend, and interannual 

variability. This analysis is restricted to strongly conditioned grid cells (Table 2). At the daily scale, each calendar year is 355 

represented by the maximum daily value within the retained October–June analysis window; at the monthly scale, each year 

is represented by the arithmetic mean of the nine retained monthly values. The long-term mean is the average of the resulting 

annual series. Trend is quantified using the Theil–Sen slope estimator (Theil, 1950; Sen, 1968), providing robust inference of 

the gradual monotonic change. Interannual variability is quantified by the standard deviation of residuals after removing the 

fitted Theil–Sen trend, thereby separating year-to-year dispersion from gradual change. For each characteristic, discrepancy 360 

between a gridded representation and observational constraints can be quantified using relative difference (RD): 

𝑅𝐷𝑗 =
𝑌𝐺,𝑗 − 𝑌𝑂,𝑗

𝑌𝑂
× 100 (4) 

In Eq. (4), 𝑅𝐷𝑗  is the percentage of relative difference in for statistic j (j = 1: long-term mean; 2: trend; 3: standard deviation); 

𝑌𝐺,𝑗  is the statistic derived from ERA5L or competing gridded representation for statistic j; and 𝑌𝑂,𝑗  is the corresponding 
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statistic estimated from the observational constraint. For long-term mean and standard deviation, positive and negative RD 

indicate over- and underestimation. For trend, the sign is interpreted relative to the signed observed slope. RD is undefined 365 

when the observational characteristic is zero and can become arbitrarily large as the denominator approaches zero. This is 

particularly important for trend. We therefore exclude grids for which the absolute observed annual trend is less than 0.1% of 

the absolute observed long-term mean per year. RDs are summarized using ECDFs and spatial mean values, and for Rho, SD, 

and SWE, are additionally stratified by terrain setting, measurement technique, and observational density. 

3.4 Diagnosing dependencies 370 

Spatial structure of fidelity and its association with observational length are evaluated using Kendall’s tau (Kendall, 1938; 

Kaemo et al., 2022), a rank-based metric that avoid requiring a prescribed Gaussian residual distribution. When the analysis 

concerns only magnitude, |PBIAS| and |RD| are used. Joint dependencies between GoFs and RDs are also examined to 

determine whether time-series and characteristic fidelities are associated. For these joint analyses, GoFs are evaluated over the 

same strongly conditioned grids used for RD estimations. Because the diagnostics have different optimal directions, increasing 375 

|PBIAS| and |RD| indicates increasing discrepancy, whereas increasing NSE and KGE indicates improving correspondence. 

We consider p-value ≤ 0.05 as an exploratory measure for statistical significance of evaluated dependencies. 

3.5 Epistemic uncertainty and limits of inference  

We compare the fidelity of ERA5L relative to competing gridded representations across ecological regions to examine how 

inference depends on spatial setting, snow variable, fidelity dimension, and diagnostic metric. We also examine how the three 380 

forms of epistemic uncertainty, i.e., diagnostic inconsistency, non-identifiability, and ambiguity, manifest and what 

consequences they may have for inference. For ambiguity, we quantify its magnitude for characteristic j using an empirical 

spread-to-signal ratio, defined as the range of estimates across the available gridded representations relative to the magnitude 

of their ensemble-mean estimate: 

𝒜𝑗 =
max
1≤𝑖≤𝑛

𝑌𝑖,𝑗 − min
1≤𝑖≤𝑛

𝑌𝑖,𝑗

|𝑌‾ 𝑗|
 (5) 

 where 𝒜𝑗 is the ambiguity index for characteristic j, 𝑌𝑖,𝑗 is the characteristic j estimated by the representation i. n is the number 385 

of available gridded representations; and |𝑌‾𝑗| is the magnitude of their ensemble mean. 𝒜𝑗 > 1 indicates that the inter-product 

spread exceeds the magnitude of the ensemble-mean signal. The ambiguity index is undefined when the ensemble mean is 

zero and can become arbitrarily large as its magnitude approaches zero. This issue is particularly relevant to trend. Accordingly, 

near-zero ensemble-mean trends are excluded using an analogous screening criterion to that adopted for RD analysis. In this 

case, grid cells for which the magnitude of the trend is less than 0.1% of the magnitude of the long-term mean of ensemble 390 

mean per year are excluded. 
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4 Results 

4.1 Fidelity in representing time series of snow variables 

Figure 2 summarizes the fidelity of ERA5L in tracking observed daily time-series of Rho, SD, and SWE. Daily SCF cannot 

be evaluated because no corresponding daily observational constraint is available. Also only CMC can provide a daily 395 

competing representation for SD. From top to bottom, rows correspond to PBIAS, NSE, and KGE. Left column shows the 

ECDFs of GoFs. In each panel, solid vertical lines show the spatial mean values of GoFs. If a solid vertical line is missing 

from a panel, it means that the spatial mean is beyond the displayed range. The three middle columns show the expected GoFs 

across regions (mountainous vs. non-mountainous), measurement method (snow pillow, passive gamma, mixed), and 

observation density (1 to 8 observational sites per grid). The right column shows the significant dependencies of GoFs on 400 

longitude, latitude, elevation, and data length. Across the three GoFs, ERA5L shows consistently higher fidelity for Rho than 

for SD and SWE. ERA5L errors in SD and SWE are larger in non-mountainous than in mountainous grids, although 

substantially fewer non-mountainous grids satisfy the daily conditioning criteria (Figure S4 in the Supplement).  

 

Figure 2: Assessing time-series fidelity of ERA5L for daily Rho (red), SD (ERA5L, light green; CMC, dark green), and 405 

SWE (blue). Rows show PBIAS, NSE, and KGE. From left to right, columns show ECDFs across benchmarking grid 

cells, stratified spatial mean of GoFs by terrain setting, measurement technique, and observational density, and 

significant dependencies on longitude, latitude, elevation, and observational record length (p-value ≤ 0.05). Solid 

vertical lines in the ECDF panels denote spatial means; dashed reference lines denote GoF = 0 and ECDF = 0.5. In the 

dependency panels, positive and negative associations are shown by red and blue shades, respectively. 410 
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SD and SWE performance also varies with measurement technique, with lower fidelity for mixed observations and snow 

pillows. Sensitivity to measurement technique and observational density is less pronounced for ERA5L Rho and CMC SD. 

Overall, CMC consistently outperforms ERA5L for daily SD across the three GoFs and the examined observational attributes. 

Higher overall GoF performance, however, does not imply spatially unstructured error. Despite its larger overall SD errors, 

ERA5L shows no significant dependence of daily SD performance on longitude, latitude, elevation, or record length. In 415 

contrast, CMC SD shows a significant decline in NSE with elevation, while increasing record length is associated with larger 

|PBIAS| and lower NSE. ERA5L Rho, although showing better overall fidelity than SD and SWE, exhibits significant 

dependence on at least one spatial attribute for each GoF. KGE generally shows fewer significant dependencies on spatial 

attributes and record length than PBIAS and NSE. 

Figures 3 and 4 and Figures S8–S11 in the Supplement summarize monthly time-series fidelity. At this scale, SCF can also be 420 

conditioned on MODIS, and every ERA5L snow variable can be compared with at least one competing gridded representation. 

For Rho, ERA5L has a negative mean PBIAS whereas CMC is close to unbiased; however, ERA5L has higher mean NSE and 

KGE. For SD, ERA5L has a large positive mean PBIAS, while CMC has a smaller negative bias; CMC also has higher NSE 

and KGE. For SWE, ERA5L has a large positive bias whereas CMC, ECCC, and AMSR have negative mean biases. NSE for 

ERA5L is below zero in 75% of benchmarking grid cells, compared with 52%, 69%, and 90% for ECCC, CMC, and AMSR, 425 

respectively. ERA5L also has a negative mean KGE that is lower than AMSR, while ECCC and CMC have positive mean 

KGE, with ECCC showing the highest value. 

Figures S8–S10 disaggregate these monthly results by terrain setting, measurement technique, and observational density. For 

Rho, CMC has a smaller mean |PBIAS| than ERA5L in both mountainous and non-mountainous grid cells, whereas ERA5L 

has higher mean NSE and KGE in non-mountainous cells. For SD, CMC has higher fidelity than ERA5L across all three GoFs 430 

and both terrain settings, although the difference is smaller in non-mountainous cells. Competing representations also generally 

outperform ERA5L for SWE, with some measurement-specific exceptions. ERA5L, for example, has more favorable PBIAS 

and KGE than CMC, ECCC, and AMSR against passive-gamma observations. Across observational-density classes, 

competing representations generally show higher fidelity for SD and SWE, except for PBIAS at the highest observational 

densities. For Rho, CMC retains the smaller |PBIAS| across all density classes, whereas ERA5L has higher NSE and KGE for 435 

cells containing 2, 3, or 6 in-situ stations; together these classes account for nearly 75% of the evaluated grid cells (Figure S5). 

Figure 4 shows that monthly PBIAS and NSE exhibit significant spatial dependence for ERA5L and several competing 

representations, although ERA5L SD is an exception. KGE exhibits fewer significant spatial dependencies, largely confined 

to selected competing representations such as CMC SD and SWE. Increasing observational record length is associated with 

larger |PBIAS| for the snow variables and products showing significant dependence. Longer records are associated with higher 440 

NSE for ERA5L Rho but show no significant association with ERA5L SD or SWE. The association with record length differs 
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among competing SWE representations: NSE increases with record length for ECCC but decreases for AMSR. KGE shows 

no significant association with observational record length for the evaluated ERA5L or competing fields. 

For monthly SCF (Figure S11 in the Supplement), ERA5L and ECCC show broadly comparable time-series fidelity. Both 

have mean PBIAS near zero across the 10,419 benchmarking grid cells (Table 2), and NSE and KGE are above zero in at least 445 

80% of cells. ERA5L has the higher mean NSE, whereas ECCC has the higher mean KGE. ERA5L PBIAS and NSE also 

exhibit significant spatial dependence, particularly with latitude and elevation, while no significant spatial dependence is 

detected for the GoFs of ECCC SCF. 

A direct daily-to-monthly comparison over common grid cells (62 for Rho, 71 for SD, and 112 for SWE; see Figure S12 in 

the Supplement) shows contrasting effects of temporal aggregation. ERA5L Rho improves from daily to monthly resolution 450 

across all three GoFs. In contrast, ERA5L SD and SWE show lower monthly than daily fidelity, and CMC SD similarly 

degrades across all three GoFs from daily to monthly resolution. 

  

Figure 3: ECDFs of PBIAS (top row), NSE (middle row), and KGE (bottom row) for ERA5L and the corresponding 

competing representation(s) in reproducing monthly time series of Rho (left), SD (middle), and SWE (right). Black 455 

curves denote ERA5L and colored curves denote competing representations. Solid vertical lines indicate mean GoFs 

across benchmarking grid cells. 
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Figure 4: Significant dependencies of monthly time-series GoFs for Rho (left), SD (middle), and SWE (right) on 

longitude, latitude, elevation, and observational record length. Rows correspond to PBIAS (top), NSE (middle), and 460 

KGE (bottom). Only associations with p-value ≤ 0.05 are shown. 

4.2 Fidelity in representing characteristics of snow variables 

The fidelity of ERA5L in reconstructing characteristics of snow variables is evaluated at both daily and monthly scales. ERA5L 

fidelity in reconstructing SCF characteristics cannot be assessed at the daily scale because of the lack of corresponding 

observational constraints. We therefore evaluate the reconstruction of the long-term mean, trend, and detrended standard 465 

deviation of annual maxima of Rho, SD, and SWE relative to observational constraints (Figure 5). The configuration of Figure 

5 follows that of Figure 2. The spatial-mean RD in long-term mean is slightly negative for ERA5L Rho and SWE and for CMC 

SD, whereas ERA5L SD shows a positive expected RD of larger magnitude. Discrepancies in long-term mean are larger in 

mountainous grid cells, particularly for ERA5L SD, and are generally smaller for mixed observations, again with ERA5L SD 

as an exception. Mean |RD| also increases in grid cells with higher observational density, particularly those containing four or 470 

more in-situ stations. Significant spatial dependence in long-term-mean discrepancies is detected for ERA5L SD and SWE 

and for CMC SD, but not for ERA5L Rho. Discrepancies in interannual variability show broadly similar patterns to those in 

long-term mean. For trend, the expected RD is negative for all evaluated fields and is most negative for ERA5L SD, particularly 

in non-mountainous grid cells. Trend discrepancy varies little with measurement technique or observational density, although 

significant spatial dependence is detected for ERA5L Rho and SD. 475 
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Figure 5: Assessing fidelity in reconstructing annual maxima of daily Rho (red), SD (ERA5L, light green; CMC, dark 

green), and SWE (blue). Rows show RD in long-term mean, trend, and detrended standard deviation. From left to 

right, columns show ECDFs of RDs, stratified mean RDs by terrain setting, measurement technique, and observational 

density, and significant dependencies of |RD| on longitude, latitude, elevation, and observational record length (p-value 480 

≤ 0.05). Solid vertical lines in ECDF panels denote spatial expected RD; dashed reference lines denote RD = 0 and 

ECDF = 0.5. Positive and negative dependencies are shown by red and blue shades, respectively. 

Figure 6 and Figures S13–S14 in the Supplement summarize fidelity in reconstructing the long-term mean, trend, and 

detrended standard deviation of annual-mean values, respectively. For the long-term mean (Figure 6), ERA5L and ECCC SCF 

both have expected RDs near zero, although ERA5L discrepancies exhibit significant spatial dependence. ERA5L and CMC 485 

both have slightly negative expected RDs for Rho, with ERA5L showing equal or larger discrepancy magnitudes across terrain 

settings, measurement techniques, and most observational-density classes. Both products exhibit significant spatial dependence 

in discrepancies of Rho’s long-term mean, while longer observational records are associated with smaller |RD| for CMC. For 

SD, CMC has a small negative expected RD, whereas ERA5L has a large positive expected RD and substantially larger |RD| 

across terrain settings, measurement techniques, and most observational-density classes. Both products also exhibit significant 490 

spatial dependence. For SWE, ERA5L has the smallest magnitude of expected RD among ERA5L, CMC, ECCC, and AMSR, 

particularly in mountainous grids and for mixed observations. Nevertheless, discrepancies of ERA5L SWE remain spatially 

structured and, unlike those of the competing representations, do not decrease significantly with increasing observational 

record length. Results for detrended standard deviation show broadly similar patterns (Figure S14 in the Supplement). 
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 495 

Figure 6: Fidelity in reconstructing the annual long-term mean of SCF, Rho, SD, and SWE from top to bottom, 

respectively. The left column shows ECDFs of RDs across benchmarking grid cells; solid vertical lines denote expected 

RD. The three middle columns show stratified expected RDs by terrain setting, measurement technique, and 

observational density, with black bars for ERA5L and coloured bars for competing representation(s). The right column 

shows significant dependencies of discrepancies on longitude, latitude and elevation, as well as observational record 500 

length (p-value ≤ 0.05); positive and negative associations are shown by red and blue shades, respectively. 

Trend results (Figure S13 in the Supplement) are more variable across snow variables and benchmarking grids. ERA5L and 

ECCC both show positive expected RD in SCF trend of approximately 100%, and ERA5L trend discrepancy is spatially 

structured. For Rho, both ERA5L and CMC show negative expected RD below −100%, with the more negative value for 

ERA5L; ERA5L also has larger |RD| across terrain settings, all measurement techniques except multi-point observations, and 505 

most classes of observational density. For SD and SWE, ERA5L likewise shows negative spatial-mean RD below −100%, but 

its discrepancy magnitude is generally smaller than that of the three competing representations, particularly in mountainous 

grid cells, for snow-pillow and mixed observations, and at grid cells with lower observational density. The magnitude of SD 

trend discrepancy decreases with elevation, whereas SWE trend discrepancy increases toward western longitudes. 

4.3 Diagnostic consistency between time-series and characteristic fidelity 510 

Associations between fidelities in time series and characteristic reconstructions can be evaluated only where strong 

observational conditioning is available. At the monthly scale (Figure 7), long-term mean and detrended standard deviation 
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generally show the expected diagnostic consistency. For ERA5L SCF, larger magnitude of PBIAS is associated with larger 

magnitudes of RD in reconstructing characteristics, whereas higher NSE is associated with smaller magnitudes of RD. Similar 

relationships occur for ERA5L Rho, SD, and SWE, with higher KGE additionally associated with smaller long-term-mean and 515 

standard-deviation discrepancies. No significant GoF–RD association is detected for the competing ECCC SCF product. For 

competing Rho, SD, and SWE representations, long-term mean and standard deviation generally show the same diagnostically 

consistent pattern as ERA5L. Trend fidelity is much less connected to time-series fidelity. KGE shows no significant 

association with trend discrepancy for any ERA5L snow variable, and no competing representation shows a significant GoF-

RD association except AMSR SWE, for which larger magnitude of PBIAS is associated with smaller trend discrepancy. Thus, 520 

agreement between time-series and characteristic fidelity is strongest for long-term mean and interannual variability and 

weakest, and occasionally reversed, for trend. 

 

Figure 7: Significant joint associations between monthly time series GoFs and discrepancy in reconstructing October–

June annual-mean snow variables. Rows correspond to RD in long-term mean (RD1), trend (RD2), and detrended 525 

standard deviation (RD3); columns correspond to SCF, Rho, SD, and SWE. Associations are evaluated over the same 

strongly conditioned grid cells used for RD estimation, and only Kendall tau’s associations with p-value ≤ 0.05 are 

shown. 
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At the daily scale (Figure S15 in the Supplement), no significant GoF–RD association is detected for Rho, although only seven 530 

grid cells are available and the test therefore has limited power. For SD estimates of ERA5L and CMC, larger magnitude of 

PBIAS is associated with larger magnitude of RD in long-term mean and detrended standard deviation, whereas higher NSE 

and KGE are associated with smaller magnitude of discrepancies in these two characteristics. SWE estimates of ERA5L show 

the same diagnostically consistent pattern for long-term mean and standard deviation. Trend behaves differently. No GoF is 

significantly associated with discrepancies in trends of SD for ERA5L or CMC, while SWE estimates of ERA5L show the 535 

opposite direction to that expected from overall fidelity: larger magnitude of PBIAS is associated with smaller magnitude of 

RD in trend, whereas higher NSE and KGE are associated with larger magnitude of RD in trend. This constitutes a clear 

diagnostic inconsistency between time-series fidelity and trend fidelity for annual-maximum SWE. 

4.4 Limits of inference under incomplete observational constraints 

Comparison of ERA5L and competing products against the available observational constraints allows the relative fidelity of 540 

alternative gridded representations to be assessed across ecological regions at daily and monthly scales. Figure S16 in the 

Supplement illustrates this assessment for daily SD. CMC shows higher relative fidelity than ERA5L across all ecological 

regions according to the GoFs and the RDs in long-term mean and detrended standard deviation. Trend reconstruction provides 

two exceptions. In the Boreal Cordillera, CMC is favoured by the GoFs under weak conditioning, whereas ERA5L is favoured 

by the RD in the trend of annual maximum SD under strong conditioning. The preferred representation therefore depends on 545 

the fidelity dimension and level of observational conditioning used to support the inference, demonstrating diagnostic 

inconsistency in the resulting ranking. In Cold Deserts, this diagnostic inconsistency co-occurs with non-identifiability. CMC 

and ERA5L cannot be distinguished according to the GoFs under weak conditioning, whereas ERA5L shows higher relative 

fidelity for trend reconstruction under strong conditioning. From a broader perspective, Figure S17 in the Supplement shows 

that observational conditioning for daily SD is sparse across ecological regions. The largest weakly conditioned fraction is 550 

only 4% of the land area of an ecological region (Western Cordillera), while 13 of the 21 ecological regions remain entirely 

unconstrained. Where observational constraints are absent, the relative fidelity of competing gridded representations cannot 

be empirically evaluated; and, differences among their estimates represent ambiguity in the state of snow condition given the 

alternative representations considered.  

Similar inferential limitations also manifest at the monthly scale (Figure 8). Although observational support increases 555 

substantially relative to the daily scale, the degree of observational constraint remains limited for Rho, SD, and SWE. Even in 

the most observationally constrained case, only about 25% of grid cells within an ecological region are conditioned by 

observations (SWE in Cold Deserts), while three Arctic regions, i.e., Arctic Cordillera, Alaska Tundra, and Southern Arctic, 

remain entirely unconstrained by observations, preventing empirical assessment of the relative fidelity of competing gridded 

representations (see Figure S18 in the Supplement). Even for SCF, which has the broadest observational support and for which 560 

several ecological regions are fully conditioned by MODIS, the inferred relative fidelity varies across ecological regions and 
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according to the fidelity dimension and diagnostic metric considered. Consequently, the three manifestations of epistemic 

uncertainty, diagnostic inconsistency, non-identifiability, and ambiguity, also emerge at the monthly scale. 

 

Figure 8: Relative fidelity of ERA5L and competing gridded representations based on the available observational 565 

constraints across ecological regions. The left and right columns show assessments based on the fidelity in GoFs for 

monthly time-series and RDs for annual characteristics, respectively. From top to bottom, rows correspond to SCF, 

Rho, SD, and SWE. Coloured cells indicate ecological regions where a competing gridded representation exhibits higher 

fidelity than ERA5L, whereas grey cells indicate regions where ERA5L exhibits higher fidelity than the competing 

representation(s). Colour saturation is proportional to the magnitude of the fidelity difference between ERA5L and the 570 

competing representation(s); white cells indicate regions where the available observational evidence does not 

distinguish their relative fidelity. Hatched cells denote ecological regions for which observational constraints are 

unavailable and relative fidelity therefore cannot be empirically assessed. 

As noted above, diagnostic inconsistency refers to situations in which the inferred relative fidelity of competing gridded 

representations changes depending on the fidelity dimension and/or diagnostic metric considered. This issue becomes 575 

particularly important when the target characteristic cannot be evaluated directly because observational support is insufficient, 

leading to reliance on more readily calculable diagnostics as surrogates under the implicit assumption that higher fidelity 

according to those diagnostics also implies higher fidelity in the characteristic of interest. Figure 8 shows that this assumption 
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is not generally valid. Figure 9 illustrates the consequences of diagnostic inconsistency using three examples involving SCF, 

Rho, and SD. For SCF in the Northern Arctic, ECCC exhibits higher relative fidelity than ERA5L according to all three GoFs. 580 

In contrast, ERA5L exhibits higher fidelity when the comparison is based on RD in trend reconstruction. This reversal not 

only changes the preferred representation but also alters the inferred direction of change in SCF. A similar inconsistency occurs 

for Rho in the Taiga Shield, where ERA5L is preferred according to GoFs whereas CMC is preferred according to trend RD. 

The resulting distributions of gridded trends differ substantially between the two products, with CMC yielding a central 

tendency close to zero and considerably lower spatial variability. For SD in the Boreal Cordillera, CMC is preferred according 585 

to GoFs whereas ERA5L is preferred according to trend RD. Again, the resulting trend fields differ markedly, with CMC 

exhibiting substantially greater spatial variability and larger positive trends than ERA5L. Together, these examples 

demonstrate that diagnostic inconsistency can propagate directly into different representations of regional snow change. Where 

the characteristic of interest cannot itself be adequately constrained by observations, selecting a gridded product on the basis 

of time-series fidelity alone may therefore lead to a diverging inference from that obtained if fidelity can be evaluated directly 590 

for the target characteristic. 

 

Figure 9: Differences in estimated gridded trends in annual mean SCF (left; Northern Arctic), Rho (middle; Taiga 

Shield), and SD (right; Boreal Cordillera) when the gridded representation is selected based on its relative fidelity 

according to GoFs versus trend reconstruction. Grey boxplots show trends inferred from ERA5L, whereas coloured 595 

boxplots show trends inferred from the corresponding competing representations (ECCC for SCF; CMC for Rho and 

SD). The blue dots in each boxplot show the inferred regional trend estimated using the mean of inferred gridded 

trends.  

A second limitation arising from incomplete observational constraint is non-identifiability. Non-identifiability occurs when, 

for a given fidelity metric and target characteristic, the available observational evidence cannot meaningfully discriminate 600 

between two or more gridded representations, such that the evidence does not support preferring one representation over 

another. This limitation becomes consequential when representations that cannot be distinguished within observationally 

constrained portions of a region yield substantially different estimates over the larger observationally unconstrained domain. 
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Such cases occur in multiple product intercomparisons for Rho, SD, and SWE shown in Figure 8 and Figure S16 in the 

Supplement, under both GoF- and RD-based assessments. In such circumstances, apparent equivalence under benchmarking 605 

does not imply equivalence in the information ultimately inferred from the products. This condition is clearly illustrated for 

the annual trend in SD across the Marine West Coast Forest region (Figure 10). ERA5L and CMC cannot be meaningfully 

distinguished in their fidelity for reconstructing annual trend across the eight strongly conditioned grid cells. However, the two 

products diverge markedly across the observationally unconstrained grid cells, particularly in the northern part of the region, 

where ERA5L indicates predominantly moderate negative trends, whereas CMC indicates substantially stronger positive 610 

trends. Thus, two representations that cannot be discriminated where observations are available lead to conflicting inferences 

about the direction and magnitude of SD change where those observations are absent. Under such non-identifiability, selecting 

one representation while disregarding the other would imply a degree of certainty that is not supported by the available 

observational evidence.  

 615 

Figure 10: Non-identifiability of gridded trends in annual mean SD across the Marine West Coast Forest region. The 

left and right columns show trends inferred from ERA5L and CMC, respectively. Grey areas indicate grid cells for 

which trends could not be estimated due to missing data. 

Unlike non-identifiability, where observational evidence exists but is insufficient to distinguish competing products, ambiguity 

arises where no observational constraint is available to evaluate their relative fidelity. This represents the strongest limit on 620 

empirical discrimination considered here because the competing representations cannot be ranked observationally within the 

region of interest. This situation affects all snow variables considered at both daily and monthly scales (Figures S17 and S18 

in the Supplement). Under such circumstances, the available gridded representations should therefore be treated as unresolved 

alternative representations of snow characteristics. This condition is illustrated by trends in annual mean SWE across the 
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Southern Arctic, where the entire ecological region remains observationally unconstrained (Figure 11). ERA5L, CMC, ECCC, 625 

and AMSR therefore provide four unconstrained gridded representations of SWE trend across this approximately 800,000 km² 

region. The resulting pictures of regional SWE change differ substantially. Depending on the selected representation, between 

approximately 18% and 97% of grid cells exhibit negative SWE trends, with ERA5L indicating negative trends over about 

80% of the region. Regional trend estimates also differ markedly in magnitude and even sign. The median gridded trend ranges 

from approximately −2 to 1.8 mm yr⁻¹ across the four products, whereas ERA5L indicates a median trend of nearly −1 mm 630 

yr⁻¹. Thus, the available products support fundamentally different interpretations of whether SWE is increasing or decreasing 

and by how much. The magnitude of this ambiguity, quantified using Eq. (5), can be up to one order of magnitude larger than 

the magnitude of the multi-product central trend estimate across parts of the central and southern Southern Arctic. Moreover, 

this uncertainty is itself spatially structured, increasing westward and decreasing northward, demonstrating that ambiguity is 

geographically heterogeneous. In practice, such ambiguity should not be resolved by selecting a single representation in the 635 

absence of specific observational evidence supporting that choice. As Figure 8 clearly shows, evidence of relative fidelity from 

one ecological region cannot be assumed transferable across ecological regions. 

 

Figure 11: Ambiguity in gridded trends in annual mean SWE across the Southern Arctic region. Left, middle and right 

panels show spatial characteristics of the trends inferred from ERA5L, CMC, ECCC and AMSR, corresponding 640 

unconstrained uncertainty estimated from competing gridded representations, and spatial structure of unconstrained 

uncertainty, respectively. The solid black line in the left panel shows the ECDF of gridded trends inferred from ERA5L. 

Blue boxes overlaid on the bars in the right panel indicate statistically significant dependencies (p-value ≤ 0.05). 
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5 Discussion 

5.1 Fidelity across snow variables and characteristics 645 

Relative to the earlier analysis based primarily on comparison with a single gridded reference (Sarpong and Nazemi, 2025), 

the expanded multi-evidence benchmarking changes the scope of the conclusions while preserving several broad findings 

highlighted before. ERA5L generally shows higher fidelity for SCF and Rho than for SD and SWE, while CMC consistently 

exhibits higher daily and monthly time-series fidelity for SD. ERA5L SWE field also shows substantial monthly bias and 

relatively weak NSE and KGE performance compared to ECCC and CMC. These results are broadly consistent with previous 650 

evaluations reporting appreciable discrepancies in SD and SWE fields of ERA5 and ERA5L, particularly in complex terrain 

(Orsolini et al., 2019; Lei et al., 2023; Kouki et al., 2023; Monteiro and Morin, 2023; Scherrer et al., 2023), while the 

comparatively stronger Rho performance agrees with previous assessments (Gao et al., 2022). The earlier suggestion that 

disagreement in the ERA5L SWE field is more strongly associated with SD field than with Rho also remains qualitatively 

supported. 655 

Characteristic fidelity, however, provides a less categorical picture. Our results clearly show that weak GoF fidelity does not 

preclude comparatively faithful reconstruction of selected long-term characteristics. ERA5L can perform poorly according to 

conventional GoFs yet remain competitive, or even provide the smallest discrepancy, for some annual characteristics. Most 

notably, ERA5L yields the smallest RD among the evaluated products for the annual long-term mean of SWE, particularly in 

mountainous grids, and can also show smaller trend discrepancies than competing representations for SD and SWE. ERA5L 660 

fidelity therefore depends on whether the application requires reproduction of the time series, climatological mean, interannual 

variability, or trend. This distinction helps reconcile apparently contrasting conclusions in the literature. Regional studies have 

identified substantial biases in ERA5L SD and SWE fields, whereas the recent SnowPEx+ assessment ranked ERA5L first 

overall among 23 Northern Hemisphere SWE products when climatology, variability, and trend were considered jointly 

(Mudryk et al., 2025). Our results show how both conclusions can be supported. 665 

5.2 Dependence of fidelity on benchmarking diagnostics 

The relationship between time-series and characteristic fidelity depends strongly on the characteristic considered. Long-term 

mean and detrended interannual variability generally exhibit the expected association with GoFs. Larger |PBIAS| tends to 

accompany larger |RD|, whereas higher NSE and KGE tend to accompany smaller |RD|. This is consistent with the sensitivity 

of these GoFs to mean behaviour, variability, and temporal correspondence (Gupta et al., 2009). Trend is markedly different. 670 

Trend is a comparatively small low-frequency component embedded within much larger day-to-day or month-to-month 

variability, so metrics characterizing correspondence across the full series are not necessarily informative about the trend 

component. Across both temporal scales, trend RD is not consistently associated with GoFs, and several cases reveal an explicit 

trade-off. For ERA5L daily SWE, for example, larger |PBIAS| is associated with smaller trend discrepancy, whereas higher 
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NSE and KGE are associated with larger trend RD. Thus, stronger apparent time-series fidelity can coincide with poorer 675 

representation of long-term change.  

Divergence among fidelity dimensions or metrics constitutes diagnostic inconsistency, the first form of epistemic uncertainty 

considered here. Its consequences are evident in Figure 9, showing that representation favoured by GoFs differs from that 

favoured by trend RD, producing materially different trend distributions, and even reversal in the inferred direction of regional 

change. These findings extend the observation that no product performs best across all evaluation criteria (Mortimer et al., 680 

2020) by showing that diagnostic choice can propagate directly into the physical interpretation obtained from a product. Where 

the target characteristic can be benchmarked directly, fidelity should therefore be evaluated for that characteristic. Where it 

cannot, disagreement among defensible diagnostic pathways should be retained as a diagnostic uncertainty rather than 

assuming that favourable GoF performance transfers to the target characteristic. 

5.3 Epistemic uncertainty under incomplete observational constraints 685 

A more fundamental limitation concerns whether available observations permit relative fidelity to be inferred at all. Despite 

combining MODIS with the extensive NorSWE archive, observational conditioning remains highly uneven across Canada and 

Alaska. This is consistent with long-recognized limitations in the spatial representativeness of in-situ snow measurements 

(Wang and Zheng, 2020), the terrain and scale dependence of gridded snow evaluation (Lei et al., 2023), and the heterogeneous 

footprints and temporal support of contemporary in-situ archives (Mortimer and Vionnet, 2025). The problem is most 690 

pronounced in northern regions, where gridded products are particularly valuable precisely because direct observations are 

scarce. Incomplete observations produce two additional limits on inference. Non-identifiability occurs when observations are 

available but do not meaningfully distinguish competing representations, even though those representations diverge elsewhere. 

The Marine West Coast Forest example shows why non-identifiability matters. In this example, ERA5L and CMC cannot be 

distinguished in their reconstruction of SD trend over the strongly conditioned grid cells, yet they infer markedly different and 695 

locally opposing trends over the larger unconstrained area. Apparent equivalence under benchmarking therefore does not imply 

equivalence in spatial inference outside the observational support. 

Ambiguity arises when no observational constraint is available with which to discriminate the alternative representations. 

Across the Southern Arctic, four SWE products support markedly different trend patterns, magnitudes, and even signs, and 

their inter-product range can locally reach approximately one order of magnitude relative to the multi-product central signal. 700 

In this setting, product disagreement is not evidence that one product is wrong; it quantifies how unresolved the inferred 

characteristic remains. This is consistent with the broader epistemic argument that agreement or disagreement among model-

based representations cannot establish the underlying natural state without independent evidence (Oreskes et al., 1994; Parker, 

2016). 
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5.4 Implications for benchmarking and product selection 705 

These epistemic limitations can themselves become informative outputs of benchmarking. Diagnostic inconsistency identifies 

characteristics for which conventional performance measures are inadequate surrogates. Application-specific diagnostics 

should therefore be preferred where observations permit; otherwise, the range produced by alternative defensible diagnostic 

choices can be retained as a diagnostic uncertainty in impact assessment and downstream studies. 

Non-identifiability points instead to the need for additional discriminating evidence. This may include independent 710 

measurements, additional snow characteristics, cross-variable consistency among snow variables, or process-based constraints 

that challenge the products in ways not already represented by the existing metric. Such evidence is particularly relevant for 

snow because observational systems provide complementary rather than interchangeable information and constrain different 

aspects of the snow state (Hall and Riggs, 2007; Foster et al., 2005; Byun and Choi, 2014; Tsang et al., 2022). Until such 

evidence becomes available, non-identifiable representations should be retained jointly for impact assessment and downstream 715 

studies rather than forcing an unsupported ranking. 

Ambiguity can similarly guide where new information is most valuable. The spread-to-signal measure identifies where 

alternative products disagree most strongly relative to the inferred signal. Regions with large ambiguity, especially where 

products disagree in sign, become candidates for enhanced monitoring; persistent disagreement in comparatively well-

observed areas may instead point to greater value in improving model structure, forcing, assimilation, or retrieval procedures. 720 

Ambiguity can therefore help prioritize both monitoring and geographically targeted model improvement. 

Taken together, these results suggest shifting the purpose of benchmarking away from identifying a universally “best” gridded 

snow product. More informative questions are which representation is supported for the variable and characteristic of interest 

given the observational constraints currently available, whether the available evidence can discriminate among alternatives, 

whether that conclusion is consistent across diagnostics, where unresolved uncertainty remains, and how this uncertainty 725 

should be handled and reduced. In this broader sense, benchmarking is better viewed as a process of evidential confirmation 

rather than verification. Its role is therefore to clarify the strength of support for competing representations and the limits of 

the inferences that can be drawn from them. 

6 Conclusion and further remarks 

This study reframes benchmarking of gridded snow products as an evidence-based inference problem rather than a comparison 730 

against an assumed reference truth. Using ERA5L as a test case, we harmonized SCF, Rho, SD, and SWE with competing 

gridded representations and observational constraints across 21 ecological regions of Canada and Alaska. The analysis 
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combined daily and monthly time-series diagnostics with relative differences in long-term mean, trend, and detrended 

interannual variability, while explicitly conditioning conclusions on the availability and strength of observational support. 

Three main empirical conclusions emerge. First, ERA5L fidelity is strongly dependent on snow variable, temporal scale, target 735 

characteristic, and the observational and physiographic context of evaluation. ERA5L generally shows higher fidelity for SCF 

and Rho than for SD and SWE, and CMC consistently provides higher daily and monthly time-series fidelity for SD. ERA5L 

SWE also shows substantial monthly bias and weak NSE and KGE performance relative to several competing representations. 

Yet these time-series results do not translate into a universal ranking. ERA5L can remain competitive, or even provide the 

smallest discrepancy, for selected long-term characteristics, including the annual long-term mean of SWE and trends of SD 740 

and SWE. Fidelity also varies with terrain, measurement technique, and observational density, although these effects are not 

uniform across variables or fidelity dimensions. Daily ERA5L SD and SWE time-series fidelity, for example, is generally 

lower in non-mountainous grids, whereas discrepancies in reconstructed long-term characteristics can be larger in mountainous 

grids, particularly for ERA5L SD. Daily SD and SWE performance also varies among measurement techniques, with lower 

fidelity against mixed observations and snow pillows, while ERA5L SWE performs comparatively more favourably against 745 

passive-gamma observations at the monthly scale. Differences among products likewise vary across different levels of 

observational density. These results demonstrate that product fidelity cannot be characterized independently of the variable, 

characteristic, temporal scale, physiographic setting, and observational support through which it is evaluated. 

Second, time-series fidelity and characteristic fidelity are not interchangeable. GoFs generally provide diagnostically 

consistent information about the long-term mean and detrended interannual variability, but trend fidelity is weakly related to 750 

these diagnostics and can exhibit explicit trade-offs. A representation with stronger PBIAS, NSE, or KGE performance can 

therefore reconstruct trend less faithfully than a competing representation. This constitutes diagnostic inconsistency and is 

conceptually distinct from limitations in observational support, as it can arise even where observations fully constrain the 

comparison whenever different legitimate fidelity dimensions or diagnostic metrics lead to different rankings of competing 

representations. In the examples examined here, diagnostic choice changes inferred regional trends and its variability. 755 

Therefore, where trend or another derived characteristic is the target quantity, fidelity should be evaluated directly for that 

characteristic whenever possible rather than inferred from generic time-series performance. 

Third, observational support determines whether, and how strongly, competing representations can be discriminated. Where 

observations are available but do not meaningfully distinguish products that subsequently diverge outside the observational 

support, their relative fidelity becomes non-identifiable. Where no observational constraint is available, ambiguity prevents 760 

empirical discrimination among the alternative representations altogether. These two limits are consequential rather than 

semantic. In the Marine West Coast Forest, ERA5L and CMC cannot be meaningfully distinguished in their reconstruction of 

SD trend over strongly conditioned grid cells, yet produce conflicting spatial patterns where observations are absent. In the 

Southern Arctic, the absence of observational constraint leaves four SWE representations supporting substantially different 
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trend magnitudes, spatial patterns, and direction. Such disagreement should therefore be retained as unresolved inferential 765 

uncertainty rather than eliminated through unsupported selection of a single representation. 

Several limitations qualify the numerical results. MODIS and NorSWE data provide valuable observational constraints but are 

not error-free representations of the snow state and differ in spatial footprint, sampling frequency, record length, and 

representativeness relative to a 25 km grid. The competing products are also not fully independent. CMC incorporates in-situ 

SD information, ECCC blends partly dependent model and retrieval products, and AMSR SWE depends on retrieval and snow-770 

physics assumptions. The common 2002–2016 period, harmonization procedure, and pragmatic thresholds used for weak and 

strong conditioning can further influence the available support and estimated fidelity. These limitations mean that the specific 

rankings and uncertainty magnitudes reported here should not be transferred unconditionally beyond the evaluated domain, 

period, scale, and observational support. 

The broader framework, however, is transferable. Diagnostic inconsistency can reveal sensitivity of an inferred characteristic 775 

to the choice of benchmarking criterion even where observational support is strong. In such conditions, disagreement among 

defensible diagnostics can be retained as diagnostic uncertainty rather than forcing a unique interpretation. Non-identifiability 

instead points to the need for additional discriminating evidence, including independent observations, complementary snow 

characteristics, cross-variable consistency, or process-based constraints. Ambiguity identifies regions where new observational 

information is most valuable and can therefore help prioritize monitoring, while persistent disagreement in better-observed 780 

regions may point toward model, forcing, assimilation, or retrieval improvements. Future work should extend this approach to 

additional snow products, regions, and environmental variables and examine ways of propagating these distinct forms of 

inferential uncertainty into impact and attribution studies. 

The central practical message is that gridded coverage should not be mistaken for evidential certainty, and closer agreement 

with available observations cannot establish a representation as uniquely true (Oreskes et al., 1994). A useful benchmark 785 

should therefore state not only which representation performs better relative to other available representations, but also for 

which variable and characteristic, under what observational and diagnostic conditions that conclusion is supported, how 

consistent it is across diagnostics, and what remains unresolved, and how the uncertainty should be handled and reduced.  

We hope this framework supports more informed and defensible use of ERA5L and other gridded snow products across 

Canada, Alaska, and other cold regions globally. 790 
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All data used in this study are publicly available. ERA5-Land data can be obtained at Climate Data Store, available at 

https://cds.climate.copernicus. eu/datasets/reanalysis-era5-land?tab=download. CMC’s SD/SWE product can be accessed 

from NASA’s NSIDC at https://nsidc.org/data/nsidc-0447/versions/1#anchor-data-access-tools. ECCC SCF/SWE product can 
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be obtained from https://climate-scenarios.canada.ca/?page=blended-snow-data. AMSR-E/AMSR2 Unified Level-3 Global 5-795 

Day 25 km SWE product is publicly available at https://nsidc.org/data/au_5dsno/versions/1. MODIS data can be also obtained 

from NASA’s NSIDC at https://nsidc.org/data/mod10cm/versions/61#anchor-documentation. NorSWE data is available at 

https://doi.org/10.5281/zenodo.15263370. Elevation data can be obtained from USGS at https://www.usgs.gov/coastal-

changes-and-impacts/gmted2010.    
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