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1. ABSTRACT

Despite its importance for hydrology and water resources, accurate estimation of snowfall rate 

over snow-covered regions has remained a major observational challenge from both in-situ and 

remote sensing instruments. Snowfall accumulation can be measured by either accumulating 

snowfall estimates or measuring snowpack properties such as Snow Water Equivalent (SWE) 

and mass. By focusing on snowfall over snow accumulation period and using case studies and 

long-term average (2003 to 2015) over CONUS, the first phase of our study compares snowfall 

accumulation from gauge stations (using GPCC and PRISM products), satellite products (GPCP 

and the suite of IMERG products), and reanalysis (ERA-interim, ERA5, and MERRA-2). 

Changes in SWE, based on the recent UA-SWE product and mass change observations from the 

Gravity Recovery and Climate Experiment (GRACE), were used for assessment of precipitation 

products for snowfall estimation. In the second phase of our study we assess two popular rain 

gauge undercatch correction factors (CFs) used in the Global Precipitation Climatology Centre 

(GPCC) monitoring and the Global Precipitation Climatology Project (GPCP) products, and 

quantify how much the choice of the CFs can impact our total estimate of precipitation over land 

at seasonal, annual, regional, and global scales. Rain gauges are critical for measuring 

precipitation rates at regional and global scales and are often used to calibrate precipitation rates 

estimated from other instruments such as satellites. However, precipitation measured at rain 

gauges are affected by gauge undercatch that is often larger for snowfall than rainfall. 

The main results include: 

(1) Based on UA-SWE and GRACE analysis over cold regions in the CONUS: Snow

accumulation from most of the products is bounded by GPCC with and without

correction, highlighting the critical importance of selecting proper CFs for gauge-

undercatch correction. The CF based on Legates and Willmott method used in GPCP was

found to be more consistent with the SWE-based analysis than CF based on the Fuchs

method. Reanalysis products show very similar spatial pattern among themselves, but

represent a large variation in simulating snow accumulation, with ERA-interim showing

the least accumulation and MERRA-2 showing the highest accumulation and closest to

the snow accumulation suggested by SWE.

(2) Based on Global rain gauge analysis: Overall CFs are largest in higher latitudes and in

winter when snowfall is dominant. The CFs are also compared with respect to the

environmental variables used in their development, among those are near surface air

temperature, relative humidity, and wind speed. Results show that the correction factors

can increase the annual precipitation rate based on rain gauges by about 8%, although this

amount can vary from about 3% (in boreal summer) to 10% (in boreal winter), depending

on the season and the method used for gauge undercatch correction. It was also found that

annual variations in CFs can be large, so the use of climatology CFs, like the one used in

GPCP, requires caution.
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2. INTRODUCTION 

2.1. GLOBAL ASSESSMENT OF GAUGE CORRECTION FACTORS 

Accurate information on the amount and spatiotemporal distribution of precipitation is crucial for 

scientific, commercial, and operational applications (Tapiador et al. 2012; Kucera et al. 2013; 

Kirschbaum et al. 2017). Precipitation observation is often obtained from either satellites or rain 

gauges at global scale (Strangeways 2006; Sun et al. 2018), each offers its own strengths and 

weaknesses. Satellites provide a fairly complete coverage, but have shown relatively poor 

performance in capturing precipitation rate over snow and ice surfaces (Kidd et al. 2012; Cao et 

al. 2018; Behrangi et al. 2018a; Levizzani et al. 2011; Skofronick-Jackson et al. 2015).  Rain 

gauges are critically important as they provide precipitation “measurement” and often serve as a 

reference to evaluate or develop other precipitation products. However, besides their sparseness 

and being topographically biased towards low elevations in mountainous regions (Schneider et 

al. 2014; Kidd et al. 2017), rain gauges can face large undercatch issues. The undercatch is often 

larger for snowfall than rainfall and can exceed 90% of total precipitation due to wind-induced 

effect (Groisman and Legates 1994; Adam and Lettenmaier 2003; Yang et al. 2005; Sevruk et al. 

2009; Rasmussen et al. 2012). The use of appropriate correction factors, to mitigate the 

precipitation undercatch problem, can have large impacts on our accurate quantification of 

precipitation at regional and global scales. 

While different methods for correcting gauge undercatch exist, two popular gauge undercatch 

correction factors (CFs) are : (1) Legates climatology (CF-L) utilized in the Global Precipitation 

Climatology Project (GPCP)  (Huffman et al., 2009; Adler et al., 2018), and (2) Fuchs dynamic 

correction model (CF-F) used in the Global Precipitation Climatology Centre (GPCC)   

monitoring product (Schneider et al., 2017). These two methods are discussed in Legates and 

Willmott (1990) and Fuchs et al. (2001) and will be described in the data set section. Both GPCP 

and GPCC are commonly used by researchers and in the development of the other products, thus 

it is important to carefully assess the performance of CFs. For example, GPCP is used at monthly 

scale to bias adjust PERSIANN-CDR (Ashouri et al. 2015) within 60oS/N and also to bias adjust 

the Integrated Multi-satelliE Retrievals for GPM (IMERG) (Huffman et al. 2019) over global 

land and high latitude oceans. Unfortunately, given that rain gauges are often the only 

observational source for precipitation measurement, assessment of CFs can be difficult. Projects 

such as the recent World Meteorological Organization (WMO) Solid Precipitation 

Intercomparison Experiment (SPICE) project (2013-2016) are valuable to assess bias correction 

of rain gauges  (Rasmussen et al., 2012; Kochendorfer et al., 2017; Smith et al. 2019), but they 

can cover only limited areas and certain gauge types. The CFs are generally larger for snowfall 

and smaller for rainfall.  By limiting the analysis region to frozen grids in northern the 

hemisphere, Behrangi et al. (2018b) used mass change observation from the Gravity Recovery 

and Climate Experiment (GRACE) (Wiese et al. 2016) to estimate monthly and seasonal snow 

accumulation through water budget equation. The calculated snow accumulations are then used 

as an alternate way to assess CF-F and CF-L and it was found that CF-F is more consistent with 

the precipitation accumulations calculated using GRACE observations. Similar results are later 

found by performing annual water budget analysis over several Arctic basins with known 

streamflow observations (Behrangi et al. 2019). Both of these studies suggested that CF-F is 

preferred over CF-L in most high latitude regions (e.g., North Asia, Eurasia, and several Arctic 

basins). 
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While additional studies are needed to evaluate the CFs, it is important to quantify how much the 

choice of the CFs can impact our total estimate of precipitation over land at annual, seasonal, 

regional, and global scales, and at different environmental conditions. The first phase of this 

study tries to address these questions. In detail description of the results are discussed in 

Appendix A. 

2.2. COMPARATIVE ANALYSIS OF SNOWFALL ACCUMULATION USING 

DIVERSE DATA SETS 

Accurate quantification of snowfall and its accumulation is critical for a wide range of 

applications including flood forecasting, water resources management, and climate change 

analysis (e.g., Ye et al. 2016). Snow acts as a large natural reservoir and is an important source 

of freshwater during the warm season for many regions that rely on wintertime snowfall. 

Precipitation, including snowfall, has commonly been measured by direct sampling through in-

situ gauges that come in a variety of types and specifications. Snowfall measurement using 

gauges is particularly susceptible to undercatch issues as wind and turbulence can blow snow 

away from the mouth of a precipitation gauge (Rasmussen et al. 2012). While correction factors 

are used, they can be as large as a factor of three for snowfall (Legates and Willmott 1990) and 

their uncertainty may exceed 100% (Yang et al. 2005; Fuchs et al. 2001). Furthermore, gauges 

provide point measurements with limited spatial representation as ground stations are often 

sparse or non-existent in cold and remote regions. 

Remote sensing of precipitation provide areal estimate and can cover remote regions, but 

accurate estimation of snowfall from radar or satellites is challenging (Behrangi et al. 2014a, 

2016a;Maggioni et al. 2017; Chen et al. 2016). Satellite-based precipitation estimates have been 

affected by insufficient sensitivity of sensors to light rain and snowfall (e.g., Behrangi et al. 

2017; Smalley et al. 2014), inaccurate knowledge of surface emissivities over frozen land 

(Ferraro et al. 2013), problems in distinguishing light rain and snow from cloud (Berg et al. 

2006; Lebsock and L’Ecuyer 2011), insufficient understanding of precipitation microphysics 

(Bartsotas et al. 2018; Christensen et al. 2016), and difficulties in retrieving precipitation rate 

enhanced by orographic effect (Shige et al. 2013). Ground radar estimates can also contain large 

errors due to imperfect empirical relationships between radar reflectivity and precipitation rate, 

missing light snowfall (Chen et al. 2016), and mountain blockage. Furthermore, ground radars 

are available over few countries and most regions of the world are not covered by ground radars. 

Snowfall accumulation could be measured by either accumulating snowfall estimates or 

measuring snowpack properties (e.g., height, water equivalent, or mass). In theory, the two types 

of measurement should yield consistent results and differences should be minimum in an ideal 

case. For example, storage change observation from the Gravity Recovery and Climate 

Experiment (GRACE) has been used to quantify large scale bias in popular precipitation 

products over Tibetan plateau (Behrangi et al. 2017) and high latitudes (Behrangi et al. 2018a). 

Another alternative is using estimates of Snow Water Equivalent (SWE). In a proof of concept 

study, Tian et al. (2014) used SWE from AMSR-E Daily Global Snow Water Equivalent data 

(Kelly 2009; Tedesco and Narvekar 2010) and showed that uncertainty in determining snow 

accumulation using SWE, albeit large, is still lower than direct precipitation measurements over. 
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The phase of study was performed over the northern hemisphere and during snow accumulation 

period (e.g., wintertime), when snow ablation is minimum. In a more recent study, Behrangi et 

al. (2018b) used fairly accurate high resolution (i.e., 100 m) SWE estimates from the Airborne 

Snow Observatory (ASO) over two mountainous basins in California to estimate monthly 

snowfall accumulation. By comparing SWE accumulations from ASO, they evaluated a suite of 

in-situ based and remote sensing precipitation products and concluded that satellite and radar 

products largely underestimate snowfall accumulation compared to ASO (up to 50%), but can 

capture monthly spatial patterns as indicated by overall correlation coefficients greater than 0.8 

with ASO snow accumulation. However, ASO observation has been limited to few basins in 

California and Colorado and surveys are often performed during the melting season, limiting its 

application for assessment of snowfall accumulation across different regions and years. 

In the second phase of present study we perform a comparative analysis of snow accumulation 

among several gridded precipitation products from satellites, reanalysis, and in situ 

measurements, guided by the recently developed UA-SWE product (Broxton et al. 2016a, b). 

The analyses are then used to assess two popular gauge undercatch correction factors. In our 

analyses we also use GRACE observation to add additional insights on snow accumulation and 

quality of the UA-SWE product. 

3. METHODOLOGY

3.1. PART 1 

This part of our study aims to quantify how much the choice of the CFs can impact our total 

estimate of precipitation, seasonally, annually, regionally, and globally, and relate them to 

environmental conditions. CF-Ls climatology correction factors are available globally for each 

calendar month at 0.5o x 0.5o resolution based on long-term (1920-1980) mean precipition data.  

They are fixed monthly maps with no change from one year to another. CF-Fs were calculated 

from GPCC monitoring product at 1o x 1o degree resolution for each month and then averaged 

over the period of 1982-2018 to make a climatology of CF-F prior to comparison with CF-L. We 

also calculated their annual variations for further analysis. CF-Ls were mapped to 1o x 1o 

resolution and then compared to CF-F, geographically (i.e., maps) and zonally (i.e., zonal mean), 

and separately for each season. Accordingly, annual and seasonal mean precipitation rates using 

the two correction methods were quantified and compared. In order to relate CF differences to 

environment conditions we performed various analysis. This includes comparing CFs as a 

function of snowfall probability and altitude and linking their differences to T, RH, W, and PR.  

In order to further explore the role and importance of environmental variables used in each of the 

CFs, we conducted an extended analysis through the use of surrogate modeling (meta-modeling) 

and partial dependency (PD) analysis techniques. In a surrogate modeling practice (response 

surface surrogates), the aim is to approximate the response(s) to different values of explanatory 

variables of interest for an original simulation model, which is typically computationally 

intensive. Detailed methodology and one of its application has been described in Friedman 2001, 

and Dadashazar et al. 2020 (where they evaluated the most influential factors in Stratocumulus 

cloud clearing growth rates)), but in brief the approach consists of two main steps pertinent to 

this study: (1) developing a robust statistical model (i.e., surrogate model) to produce CFs using 
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the predictor variables considered in their development, and (2) use a PD technique that uses the 

surrogate model to show the importance of individual variables with respect to their 

corresponding CFs.    

The use of surrogate modeling is needed due to lack of understanding of the systematic gauge 

undercatch correction procedure by either CF-F or CF-L method—especially CF-F method for 

which the literature lacks detailed description of the dynamic correction model used in CF-F. 

Therefore, upon the development of a robust data driven model to capture the relationships 

between environmental variables (used in calculation of CFs) and CFs, the model can be used for 

sensitivity analysis purpose.  Based on the literature and availability of the data, we used 

monthly near surface T, W, RH, total precipitation (RR), and snow rate (SR) from ERA5 to 

separately develop surrogate models for predicting CF-F and CF-L using a gradient-boosted 

regression tree (GBRT) model approach (Friedman 2001). The scikit-learn library (Pedregosa et 

al., 2011) was used for careful parameter tuning in order to accurately represent the data and 

desired relationships without overfitting the model. The dataset was divided into random parts to 

train, test and validate statistical models. The training set included 70% of the data points, 30% 

of which were selected randomly for cross validation. This process reduced the variance and 

boosted the robustness of the model. The remaining 30 percent of the data points made up the 

test dataset. After training the models, coefficient of determination (r2) between predicted and 

observed CFs for the 10 randomly selected testing datasets ranged from 0.87 to 0.94, with an 

average of 0.92 for Fuchs method, and from 0.82 to 0.87, with an average of 0.85 for Legates 

method. This suggests that the surrogate models are capable to reconstruct CFs with a good 

accuracy.  

“Partial Dependence” (PD) parameter is a term given to model simulation results, following 

methods in previous studies (Friedman, 2001, Zhao, Q., & Hastie, T. (2019)). What PD plots 

represent is the marginal effect that one (1D plots) or two (2D plots) interested features have on 

the predicted CFs of a machine learning model by averaging the divergence of the model trained 

on CFs by marginalizing over the remaining features we are not interested in.. If we take a 

selected parameter { s} and assign any value to it, partial dependence function{ s} is achieved 

by calculating the average of model outputs using the training data presented in Eq. (1): 

s ( s) = s, C
(i)), 

where is the surrogate model, C is the actual feature values of the remaining parameters, and n 

is the number of instances in the training data. PD profiles were computed between the 1st and 

99th percentile of each selected parameter.  

PD analysis provides useful information in interpreting input variables used in the model, 

especially when the input variables are related to one another in a strong manner (Friedman and 

Meulman, 2003; Elith et al., 2008). In the result and supplementary sections we will present and 

discuss the results of 1-dimensional (1D) and 2-dimensional (2D) partial dependencies for CFs 

relative to each individual input variables. 

3.2. PART 2 
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We conduct our comparative analysis for snow accumulation period, defined as a period in 

which daily maximum surface air temperature stays below 1 °C, continuously for at least 30 

days, and snow accumulation based on UA-SWE exceeds 6 mm. A case study is defined if at 

least 15 connected grids at 0.5° × 0.5° resolution pass the snow accumulation criteria. These 

criteria minimize snow melting and allow comparing snowfall accumulation from UA-SWE and 

various precipitation products. Consequently, the study region is often located in North or 

Northeast CONUS and incudes periods that often coincide with winter months. UA-SWE and 

precipitation rates from various products were mapped onto a common 0.5° × 0.5° grid within 

the identified regions prior to comparison. 

The use of UA-SWE for snowfall accumulation study follows the mass conservation principle 

dictating that any change in one component of the water balance must be compensated for by the 

same amount collectively in the other components (e.g. Dingman 2008). In other words, SWE 

accumulation can be used to estimate precipitation accumulation when sublimation is accounted 

for and there is no snowmelt and runoff. According to the temperature criteria used to define 

snow accumulation period, no snowmelt or runoff is expected. Similar concept has also been 

used for precipitation analysis using GRACE Total Water Storage Anomaly (TWSA) 

observations (e.g., Behrangi et al. 2017). Therefore, in this phase of our study, we also used 

GRACE data to investigate the consistency between GRACE and UA-SWE observations. We 

used GRACE data for case studies where and when possible, because the reported timing for 

GRACE may not exactly match the accumulation period and due to the coarse resolution of 

GRACE the use of GRACE requires a fairly large region of connected grids. We also used 

different data sets, including in situ (PRISM, GPCC, UA-SWE), satellite data (GPCP, IMERG, 

GRACE), and reanalysis (MERRA-2, ERA Interim, ERA5.) 

4. CONCLUSION

4.1. PART 1 

Accurate estimation of precipitation amount and distribution is critical for regional and global 

studies. Over land, rain gauges provide measurements of precipitation rate and through 

interpolation they enable us to estimate precipitation rates at regional and global scales. 

Precipitation measurements at rain gauges are also critical for calibration of satellite precipitation 

retrievals, thus most of the gridded satellite-based precipitation products tend to produce a 

satellite-gauge product to improve their retrieval biases using precipitation measurements at rain 

gauges. However, it is important to realize that precipitation measurements at rain gauges also 

face errors due to precipitation undercatch.  

In the first phase we investigated two popular gauge undercatch correction factors (CFs): (1) CF-

L used in GPCP, and (2) CF-F used in GPCC monitoring product. CF-L is based on climatology 

of monthly precipitation record from 1920-1980 and is available as monthly maps of correction 

factors that are fixed for each calendar month and do not change from one year to another. In 

contrast, CF-F is based on a dynamic correction model that uses synoptic observation of 

necessary parameters (i.e., wind speed at the rim of the gauge, air temperature, relative humidity, 

and precipitation intensity) to calculate daily timescale corrections, considering precipitation 

phase and intensity. We quantified how much the choice of the CFs can impact our total estimate 

of precipitation over land at seasonal, annual, regional, and global scales, and related them to 

major variables (e.g., near surface T, RH, and W) used in the development of the CFs.  
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Zonal plots of CFs show that both CFs are larger in higher latitudes and CF-F exceeds CF-L 

poleward of ~ 65oN in all seasons.  At around 70oN and in winter mean CF-F reaches it 

maximum value, suggesting more than 100% increase in the measured precipitation intensity 

(Figure 1a).  In lower latitudes, however, the relative differences between zonally averaged CF-F 

and CF-L often stay within ±5% inside the 50oS-65oN zone, partly because CFs are much smaller 

for rainfall than snowfall. Regional assessment of CFs reveals additional information and is less 

prone to cancelation effect that may appear in zonal plots. Despite their overall consistency, CF-

F and CF-L showed regions with large differences, among those are northern part of the Central 

United States (where CF-F can be much larger than CF-L in all seasons except summer) and 

Eurasia (where CF-L is considerably larger than CF-F), especially in winter. 

Over global land (except Antarctica), the use of CF-F and CF-L results in increase of GPCC Full 

product by 6.59±1.18% and 8.91%, respectively. This increase is largest during boreal winter 

(6.90±2.13% and 9.96%) and smallest during boreal summer (5.13±1.78% and 7.33%) based on 

CF-F and CF-L values. This increase in precipitation is fairly large given that previous studies 

have suggested that the global precipitation has to be increased by about 5% (e.g., Trenberth et 

al. 2009; Rodell et al. 2015) or higher (e.g., Stephens et al. 2012) to bring water and energy 

budget into balance. Therefore, the choice of CFs can have a considerable impacts on our water 

and energy budget calculations. For example, by using CF-F our annual increase in GPCC 

precipitation can be about 2.32±1.18% less than that suggested by CF-L over land. 

Comparison of CF-F and CF-L as a function of near surface T, RH, and W was performed using 

two different approaches: (1) by binning T, RH, W, and PR and calculating mean CF-F and CF-

L within each bin, and (2) by fitting a surrogate model to reproduce CF-F and CF-L and 

determining the role of each variable in calculation of CFs using a partial dependency (PD) 

analysis. We found that the simple binning method provides little information on the role of each 

variable in CFs, likely due to the cancelation effect and the fact that variables act together, thus 

analyzing them individually may not be effective. The 1-D and 2-D PD analysis revealed distinct 

relationships between CFs and the variables used in their development (i.e., T, RH, W, and PR). 

Overall, by increasing T and W, CFs tend to decrease and increase, respectively and both CF-F 

and CF-L show a fairly similar response as indicated by their PD values. By increasing RH, PDs 

tend to increase for both CF-F and CF-L, but CF-F shows more sensitivity to RH at lower RH 

values, and CF-L seemed to be more sensitive to higher RH values as can be observed from PD 

slopes. It was also found that both CFs tend to show lower values as precipitation rate increases, 

but CF-L shows a different behavior at lower precipitation rates. 2-D analysis showed more 

insights on how CF-L and CF-F respond to the joint plots of T, RH, W, and PR. However, the 

interpretation of the differences requires expert knowledge and could be a subject for future 

studies. 

4.2. PART 2 

Quantitative knowledge on snowfall accumulation is critical for water resources management 

and hydrologic applications such as flood forecasting and drought analysis. However, accurate 

estimation of snowfall rate over snow-covered regions has remained a major observational 

challenge from both in situ and remote sensing instruments. In situ observation are mainly 

composed of gauges that are not necessarily designed for snowfall measurement, thus they have 

to use large post corrections to mitigate the effect of snowfall undercatch. There is a large 

uncertainty in correction factors (CFs) used for compensating the gauge undercatch, for example, 

the two popular correction factors (i.e., CF-F and CF-LW) can be different by more than 50% 
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(APPENDIX B, Fig. 1). Satellite products also face problems for snowfall estimation over snow 

covered area as they have to overcome several obstacles such as uncertain emissivity over land, 

weak sensitivity of instrument to snow particles, and other challenges discussed in APPENDIX 

B, Section 1. 

Here, by focusing on snowfall over snow accumulation period, we compared snowfall 

accumulation from rain gauges (through GPCC and PRISM), satellite products (GPCP and the 

suite of IMERG products), and reanalysis (ERA-interim, ERA5, and MERRA-2) with changes in 

SWE based on the recent observational SWE product (UA-SWE) and after removing ablation 

terms from that (UA-SWE-NA). The analysis were performed using case studies as well as long-

term average over 13 years (from 2003 to 2015). GRACE observation of total water storage 

anomaly was also utilized to verify UA-SWE where and when possible. 

The results suggests that the use of CF-F, for correction of snowfall undercatch in GPCC, results 

in significant overestimation compared to UA-SWE-NA and all of the other products studied 

here. UA-SWE-NA, however, supports CF-LW and is also reasonably consistent withMERRA-

2, and ERA-5, based on Tylor diagram analysis. Nonetheless, averaged over all case studies, the 

difference between the GPCC and GPCCF snowfall accumulation was found to encompass snow 

accumulation from all of the other products, excluding IMERG HQ. This highlights the critical 

importance of selecting proper CFs for gauge-undercatch correction.While this study favored 

CF-LW over CF-F for snowfall undercatch correction over CONUS, previous studies over 

Eurasia and Siberia showed an opposite conclusion based on mass change analysis and water 

vapor convergence (Behrangi et al. 2014c, 2018a). Different countries use different gauges and 

the CF’s performance might be gauge-type, regional or regime dependent. This calls for future 

investigation to further check the performance of these correction methods. 

PRISM shows higher snow accumulation than GPCC but often lower values than GPCC-LWand 

GPCC-F, perhaps because PRISM does not utilize gauge undercatch correction factors. 

Reanalysis show very similar spatial pattern among themselves, but represent large variation in 

simulating snow accumulation, with ERA-interim showing the least accumulation and MERRA-

2 showing the highest accumulation and closest to UA-SWE-NA. For the cases studied, a great 

consistency between GRACE observation of total water storage and SWE-UA was observed. 

This study provides an example for how a diverse set of observations (e.g., in situ, satellite 

precipitation, SWE, and mass change) can be used to provide recommendation on gauge 

correction schemes and understanding the uncertainties exist in quantifying snowfall 

accumulation over frozen land. It is hoped that with further improvements in remote sensing of 

precipitation (e.g., under efforts supported by GPM), in situ observations (e.g., more appropriate 

gauges and undercatch correction schemes), SWE estimates (from both in situ and satellites), and 

mass change products (e.g., efforts supported under GRACE-FO), further convergence among 

the products can be achieved. 
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How much global land precipitation measurement is affected by the choice 

of two popular gauge-undercatch correction factors?  

Abstract 

Rain gauges are critical for measuring precipition rates at regional and global scales and 

are often used to calibrate precipitation rates estimated from other instruments such as 

satellites. However, precipitation measured at rain gauges are affected by gauge 

undercatch that is often larger for snowfall than rainfall. In the present work we assess two 

popular gauge undercatch correction factors (CFs) used in the Global Precipitation 

Climatology Centre (GPCC) monitoring and the Global Precipitation Climatology Project 

(GPCP) products. We quantify how much the choice of the CFs can impact our total 

estimate of precipitation over land at seasonal, annual, regional, and global scales. Overall, 

CFs are largest in higher latitudes and in winter when snowfall is dominant. The CFs are 

also compared with respect to the environmental variables used in their development, 

among those are near surface air temperature, relative humidity, and wind speed. Results 

show the correction factors can increase the annual precipitation rate based on rain gauges 

by about 8%, although this amount can vary from about 3% (in boreal summer) to 10% (in 

boreal winter), depending on the season and the method used for gauge undercatch 

correction. It was also found that annual variations in CFs can be large, so the use of 

climatology CFs, like the one used in GPCP, requires caution.     

1. Introduction

Accurate information on the amount and spatiotemporal distribution of precipitation is 

crucial for scientific, commercial, and operational applications (Tapiador et al. 2012; 

Kucera et al. 2013; Kirschbaum et al. 2017). Precipitation observation is often obtained 

from either satellites or rain gauges at global scale (Strangeways 2006; Sun et al. 2018), 

each offers its own strengths and weaknesses. Satellites provide a fairly complete 

coverage, but have shown relatively poor performance in capturing precipitation rate over 

snow and ice surfaces (Kidd et al. 2012; Cao et al. 2018; Behrangi et al. 2018a; Levizzani 

et al. 2011; Skofronick-Jackson et al. 2015).  Rain gauges are critically important as they 

provide precipitation “measurement” and often serve as a reference to evaluate or develop 

other precipitation products. However, besides their sparseness and being topographically 

biased towards low elevations in mountainous regions (Schneider et al. 2014; Kidd et al. 

2017), rain gauges can face large undercatch issues. The undercatch is often larger for 

snowfall than rainfall and can exceed 90% of total precipitation due to wind-induced effect 

(Groisman and Legates 1994; Adam and Lettenmaier 2003; Yang et al. 2005; Sevruk et al. 

2009; Rasmussen et al. 2012). The use of appropriate correction factors, to mitigate the 

precipitation undercatch problem, can have large impacts on our accurate quantification of 

precipitation at regional and global scales.  
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While different methods for correcting gauge undercatch exist, two popular gauge 

undercatch correction factors (CFs) are : (1) Legates climatology (CF-L) utilized in the 

Global Precipitation Climatology Project (GPCP)  (Huffman et al., 2009; Adler et al., 

2018), and (2) Fuchs dynamic correction model (CF-F) used in the Global Precipitation 

Climatology Centre (GPCC)   monitoring product (Schneider et al., 2017). These two 

methods are discussed in Legates and Willmott (1990) and Fuchs et al. (2001) and will be 

described in the data set section. Both GPCP and GPCC are commonly used by 

researchers and in the development of the other products, thus it is important to carefully 

assess the performance of CFs. For example, GPCP is used at monthly scale to bias adjust 

PERSIANN-CDR (Ashouri et al. 2015) within 60oS/N and also to bias adjust the 

Integrated Multi-satelliE Retrievals for GPM (IMERG) (Huffman et al. 2019) over global 

land and high latitude oceans. Unfortunately, given that rain gauges are often the only 

observational source for precipitation measurement, assessment of CFs can be difficult. 

Projects such as the recent World Meteorological Organization (WMO) Solid Precipitation 

Intercomparison Experiment (SPICE) project (2013-2016) are valuable to assess bias 

correction of rain gauges  (Rasmussen et al., 2012; Kochendorfer et al., 2017; Smith et al. 

2019), but they can cover only limited areas and certain gauge types. The CFs are 

generally larger for snowfall and smaller for rainfall.  By limiting the analysis region to 

frozen grids in northern the hemisphere, Behrangi et al. (2018b) used mass change 

observation from the Gravity Recovery and Climate Experiment (GRACE) (Wiese et al. 

2016) to estimate monthly and seasonal snow accumulation through water budget 

equation. The calculated snow accumulations are then used as an alternate way to assess 

CF-F and CF-L and it was found that CF-F is more consistent with the precipitation 

accumulations calculated using GRACE observations. Similar results are later found by 

performing annual water budget analysis over several Arctic basins with known 

streamflow observations (Behrangi et al. 2019). While both of these studies suggested that 

CF-F is preferred over CF-L in most high latitude regions (e.g., North Asia, Eurasia, and 

several Arctic basins), Panahi and Behrangi (2019) showed that the use of CF-F may result 

in overestimation of snowfall over the northern part of the United States based on 

comparison with the recently developed University of Arizona- Snow Water Equivalent 

(UASWE) product (Broxton et al. 2016) that provides observationally driven SWE 

estimates at 4km x 4km spatial resolution over the continental U.S.  

While additional studies are needed to evaluate the CFs, it is important to quantify how 

much the choice of the CFs can impact our total estimate of precipitation over land at 

annual, seasonal, regional, and global scales, and at different environmental conditions. 

The present work tries to address these questions.   

2. Data set and Method

2.1.  GPCC

GPCC was established in 1989 on request of the WMO. It is operated by Deutscher

Wetterdienst

(DWD, National Meteorological Service of Germany) and contributes to the World

Climate Research Programme (WCRP). GPCC provides gridded maps of monthly and

daily precipitation data on the earth’s land surface (except over Antarctica) based on in

situ rain gauge data for monitoring and research of the earth's climate. The center is a

German contribution to the World Climate Research Programme (WCRP) and to the
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Global Climate Observing System (GCOS). GPCC provides unrestricted access to its 

gridded monthly and daily precipitation data sets for climate monitoring purposes and 

related research (Schneider et al. 2017). Depending on their applications, various GPCC 

products are available. Here we use two products: (1) the Full data daily (V 2018) (Ziese et 

al. 2018), currently available at 1° × 1° resolution from 1982 through 2016, incorporating 

all stations with the highest quality-control process, but is not available in realtime and 

does not correct for gauge undercatch problem, and (2) the latest monthly Monitoring 

product (V6) (Schneider et al. 2018) that uses records from fewer gauge stations, but 

contains CFF. This product is available from 1982 to 3 months before present. CF-F is 

based on a method described by Fuchs et al. (2001), uses the Rubel and Hantel (2001) 

dynamic correction model, and employs different synoptic observation methods such as 

near surface air temperature (T), relative humidity (RH), precipitation rate (PR), and wind 

speed (W). In the event that CFs cannot be derived (e.g. due to missing synoptic 

observations), Legates and Willmott climatology (i.e., CFL) may be used as the 

background pattern (Fuchs et al. 2001).  

2.2.  Gauge undercatch correction factors 

Precipitation measurement in rain gauges can face systematic errors, mainly caused by 

wind influence and evaporation losses. Differences between the gauged precipitation and 

the true precipitation amount are largest for solid precipitation and heavy wind measured 

by unshielded gauges. An important step in the bias-correction, is the determination of the 

phase of a precipitation event, because the correction factors for liquid and solid 

precipitation differ significantly. Various variables can be considered in separating 

precipitation phase, among those are near surface air temperature, dew-point temperature, 

and near surface pressure. Depending on the choice of variable or combination of 

variables, the phase separation outcomes can be considerably different (Behrangi et al. 

2018c). Therefore, the approach for separation of precipition phase can also contribute to 

differences among methods used for bias correction of gauges.  

2.2.1 Legates and Willmott correction factor (CF-L): 

Using traditional land-based gauge measurements and shipboard estimates, Legates and 

Willmott(1990), developed a global climatology of mean monthly precipitation. The 

edited data base includes 24,635 spatially independent terrestrial station records and 2223 

oceanic grid-point records from 1920 to 1980. Due to the effects of wind on the inner 

walls of the gauge and gauge evaporation, they presented a procedure to correct gauge-

induced biases and remove systematic measurement errors.  Their "corrected" monthly 

precipitation records were interpolated with a spherically based interpolation algorithm to 

0.5 ° latitude by 0.5 ° longitude grid.  Legates and Willmott (1990) concluded that the 

errors in rain gauge are directly proportional to total precipitation. In the tropics there is 

less than 5% undercatch, whereas near the poles large corrections factors are common due 

to large wind influence, especially for snowfall measurements in gauges. The annual 

average global precipitation was approximated as 1123 mm, which was found consistent 

with other studies (e.g., Unesco 1978 and Kessler REF)  
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2.2.2. Fuchs correction factor  

The Legates and Willmott (1990) analysis can face several issues, among those are:  type 

of gauges used and their installation specifics (i.e., they were possibly obsolete in the early 

1980's), approximations in estimation of weather parameters used (wind velocity, solid / 

liquid ratio), and overcorrection of about 200% in some cases. Therefore, it was found 

essential to determine and implement an improved correction (Rubel and Hantel, 1999). 

Efforts eventually led to another correction method, commonly referred to as Fuchs et al. 

method. The efforts include: (1) WMO work to develop a new catalog of national standard 

precipitation gauges (e.g. type of gauges, windshield usage and gauge rim height) as 

opposed to more historical information introduced by Sevruk and Klemm (1989), and (2) 

improvement of evaporation and wetting errors correction terms which were available for 

rain gauges in Central and Northern Europe, but not for tropical regions, and (3) 

improvement of a daily precipitation intensity derivative algorithm from synoptic reports, 

originally developed over Denmark as a regional algorithm (Rubel and Hantel, 1999), that 

could lead to over-correction effects in other regions.  Missing synoptic information was 

mitigated by using climatologies—such as Legates’ climatology (Legates and Willmott, 

1990) as base pattern—or interpolations from nearby stations at monthly basis, and then 

applying adjustments for specific months using an-event correction factors derived at 

nearby synoptic stations.   

Fuchs correction method is based on the Dynamic Correction Model, explained in detail 

by Forland et al. (1996) and Rubel and Hantel (1999),  originally developed for gauges in 

European countries participated in the Baltic Sea Experiment (BALTEX) of the Global 

Energy and Water Cycle Experiment (GEWEX). The method uses synoptic observation of 

necessary parameters (i.e., wind speed at the rim of the gauge, air temperature, relative 

humidity, and precipitation intensity) to calculate daily timescale corrections, considering 

precipitation phase and intensity. The daily corrections include win-induced losses and 

climatological correction for evaporation and wetting loss (Rubel and Hantel, 1999; 

Ungersbijck et al., 2000; Fuchs et al., 2001). An important step in the Fuchs correction 

method is improving the phase of precipitation events that could be determined by using 

appropriate data obtained from synoptic reports that are regularly exchanged through the 

WMO Global Telecommunication System (GTS). The method uses combination of 

surface air temperature and relative humidity, instead of temperature alone, to improve 

phase separation that could lead to a more realistic bias correction procedure for 

precipitation events (Fuchs et al., 2001). The correction factors are weighted for a certain 

station and based on the precipitation phase distribution, so for example, on a day with 

70% snow and 30% rain the daily correction factor is calculated by applying a 0.7 weight 

to snowfall and 0.3 weight to rainfall correction factors.    

2.3. Reanalysis products  

We used ERA5 to extract environmental variables (e.g., T, RH, W, and PR) for further 

analysis of CFs and their differences. ERA5 is the latest-generation European Center for 

Medium range Weather Forecasting (ECMWF) atmospheric reanalysis. ERA5 is available 

from 1950 onward and is a replacement for the ERA interim reanalysis product (Hersbach 
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et al., 2018). It uses 4D-Var data assimilation using Cycle 41r2 of the Integrated 

Forecasting System (IFS). ERA5 assimilates satellite radiance observations (infrared and 

microwave) and some ground-based radar precipitation observations to produce its 

reanalysis precipitation field. In the present work, we downloaded monthly near surface T, 

RH, W, and PR at 0.25⁰ × 0.25⁰ resolution. All ERA5 data were downloaded from the 

C3S Climate Data Store (C3S, 2017).   

All the dataset collected in this study were mapped to a common 1 x 1 degree grid prior to 

the analysis.   

2.4. Method  

This study aims to quantify how much the choice of the CFs can impact our total estimate 

of precipitation, seasonally, annually, regionally, and globally, and relate them to 

environmental conditions. CF-Ls climatology correction factors are available globally for 

each calendar month at 0.5o x 0.5o resolution based on long-term (1920-1980) mean 

precipition data.  They are fixed monthly maps with no change from one year to another. 

CF-Fs were calculated from GPCC monitoring product at 1o x 1o degree resolution for 

each month and then averaged over the period of 1982-2018 to make a climatology of CF-

F prior to comparison with CF-L. We also calculated their annual variations for further 

analysis. CF-Ls were mapped to 1o x 1o resolution and then compared to CF-F, 

geographically (i.e., maps) and zonally (i.e., zonal mean), and separately for each season. 

Accordingly, annual and seasonal mean precipitation rates using the two correction 

methods were quantified and compared. In order to relate CF differences to environment 

conditions we performed various analysis. This includes comparing CFs as a function of 

snowfall probability and altitude and linking their differences to T, RH, W, and PR.   

In order to further explore the role and importance of environmental variables used in each 

of the CFs, we conducted an extended analysis through the use of surrogate modeling 

(meta-modeling) and partial dependency (PD) analysis techniques. In a surrogate modeling 

practice (response surface surrogates), the aim is to approximate the response(s) to 

different values of explanatory variables of interest for an original simulation model, 

which is typically computationally intensive. Detailed methodology and one of its 

application has been described in Friedman 2001, and Dadashazar et al. 2020 (where they 

evaluated the most influential factors in Stratocumulus cloud clearing growth rates)), but 

in brief the approach consists of two main steps pertinent to this study: (1) developing a 

robust statistical model (i.e., surrogate model) to produce CFs using the predictor variables 

considered in their development, and (2) use a PD technique that uses the surrogate model 

to show the importance of individual variables with respect to their corresponding CFs.     

The use of surrogate modeling is needed due to lack of understanding of the systematic 

gauge undercatch correction procedure by either CF-F or CF-L method—especially CF-F 

method for which the literature lacks detailed description of the dynamic correction model 

used in CF-F. Therefore, upon the development of a robust data driven model to capture 

the relationships between environmental variables (used in calculation of CFs) and CFs, 

the model can be used for sensitivity analysis purpose.  Based on the literature and 
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availability of the data, we used monthly near surface T, W, RH, total precipitation (RR), 

and snow rate (SR) from ERA5 to separately develop surrogate models for predicting CF-

F and CF-L using a gradient-boosted regression tree (GBRT) model approach (Friedman 

2001). The scikit-learn library (Pedregosa et al., 2011) was used for careful parameter 

tuning in order to accurately represent the data and desired relationships without 

overfitting the model. The dataset was divided into random parts to train, test and validate 

statistical models. The training set included 70% of the data points, 30% of which were 

selected randomly for cross validation. This process reduced the variance and boosted the 

robustness of the model. The remaining 30 percent of the data points made up the test 

dataset. After training the models, coefficient of determination (r2) between predicted and 

observed CFs for the 10 randomly selected testing datasets ranged from 0.87 to 0.94, with 

an average of 0.92 for Fuchs method, and from 0.82 to 0.87, with an average of 0.85 for 

Legates method. This suggests that the surrogate models are capable to reconstruct CFs 

with a good accuracy.   

“Partial Dependence” (PD) parameter is a term given to model simulation results, 

following methods in previous studies (Friedman, 2001, Zhao, Q., & Hastie, T. (2019)). 

What PD plots represent is the marginal effect that one (1D plots) or two (2D plots) 

interested features have on the predicted CFs of a machine learning model by averaging 

the divergence of the model trained on CFs by marginalizing over the remaining features 

we are not interested in.. If we take a selected parameter {𝑥s} and assign any value to it, 

partial dependence function{𝑓̂ 𝑥s} is achieved by calculating the average of model outputs 

using the training data presented in Eq. (1):  

s ( s) = s, C
(i)), 

where 𝑓̂  is the surrogate model, 𝑥C is the actual feature values of the remaining parameters, 

and n is the number of instances in the training data. PD profiles were computed between 

the 1st and 99th percentile of each selected parameter.   

PD analysis provides useful information in interpreting input variables used in the model, 

especially when the input variables are related to one another in a strong manner 

(Friedman and Meulman, 2003; Elith et al., 2008). In the result and supplementary 

sections we will present and discuss the results of 1-dimensional (1D) and 2-dimensional 

(2D) partial dependencies for CFs relative to each individual input variables.    

3. Results

Figure 1 shows zonal plots of seasonal CF-L (shown in blue) and CF-Fs calculated for 

each of the 37 years (1982-2018) (shown in gray) and their mean (shown in black). It can 

be seen that the variation of CF-F is fairly large across different years, suggesting that it is 

important to account for annual variations of the CFs, an important issue that is missed 

when fixed CF-L climatology is used.  Clearly, both CFs are larger in higher latitudes with 

CF-F showing greater values than CFL poleward of ~ 65oN in all seasons.  Even by 

considering the annual variation of CF-F, which is considerable, CF-F is almost always 

larger than CF-L in winter and spring.  At around 70oN and in winter, mean CF-F reaches 
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it maximum value, suggesting more than 100% increase in the measured precipitation 

intensity (Figure 1a).  In lower latitudes, however, CF-L can exceed CF-F at different 

zones. The relative differences between zonally averaged CF-F and CF-L vary zonally and 

seasonally, but often stay within ±5% inside the 50oS-65oN zone (Figure 2). The relative 

difference can exceed 5% poleward of this region, reaching to about 30% around 80oN in 

boreal winter (Figure 2a), when precipitation is almost entirely snowfall.  However, it is 

important to note that by zonal averaging, regional differences between the two CFs may 

cancel each other, thus it is important to also assess the geographical maps of the CFs and 

their differences.   

Figure 1.  Zonal plots of seasonal CF-L and CF-Fs from 37 years (1982-2018) of monthy CF-F 

data: (a) winter (DJF), (b) spring (MAM), (c) summer (JJA), and (d) fall (SON). Zonal averages 

are caluclated at 1 degree zonal bins. Each gray line reprsents seasonal mean for one of the 37 

years of CF-F data and their average is shown using the balck line.     
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Figure 2. (a) Zonal plots of seasonal relative differences (RD) between mean CF-F and CF-L 

calcualted as CF-F minus CF-L divided by the avearage of the two CFs.  Seasonal mean CF-F is 

calucalted by averaging over the  37 years (1982-2018) of mothly CF-F data, (b) zonal distribution 

of the number of 1 degree grids over land.   

 Figure 3 shows seasonal maps of CF-F (left column) and CF-L (middle column), and 

relative differences between the two (right column) calculated by subtracting seasonal CF-

L from mean seasonal CF-F and dividing the result by the mean of them.  From top to 

bottom, rows correspond to winter, spring, summer, and fall, respectively. Careful 

examination of the plots suggest that major differences between the two CFs are often 

located over cold or high elevation regions such as Canada, Eurasia, North Asia, 

Greenland, Himalayas, and Andes. This is partly because CFs are often much larger for 

snowfall than rainfall (Behrangi et al. 2018b). Therefore, differences can be larger during 

cold months (e.g., in Northern hemisphere the relative difference exceeds 50% in large 

areas; see Fig 3c and 3f).  Note that in large areas over Canada, CF-L is about 1, while CF-

F shows values larger than one that is expected. CF-Fs are not available over Antarctica, 

so no comparison was made over there.  

Over the northern part of the Central United States, CF-F can be much larger than CF-L in 

all seasons except summer. This is also consistent with Panahi and Behrangi (2020) in 

which they used SWE observation to assess snow accumulation over the northern U.S and 

found that in very cold conditions the use of CF-F may result in overestimation of 

snowfall accumulation.  On the other hand, over Eurasia and especially in winter, CF-L is 

considerably larger than CF-F. Mass change analysis using GRACE observations suggests 

that CF-L is likely too high over this region (Behrangi et al. 2018b). Nonetheless, Figure 3 

suggests that, due to the change of sign in CF differences, the zonal average values can be 

dampened as shown in Figure 1.  Note that in Figure 3 the seasonal CF-F values are 

averaged over the 37 years of data studied here to facilitated comparison with CF-L. 

However, it is important to note that there is a fairly large annual variation for CF-F as can 

be seen in Figure S1. This annual variation can be as large as the differences between the 
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CF-F and CF-L values, suggesting that the use of fixed CF-L climatology for each month 

is not appropriate and may result in large regional errors.    

mm/day    Annual     DJF  MAM JJA SON 

GPCC Full 

( V 2018) 

2.58 2.61 2.61 2.73 2.39 

GPCC-F 2.75  
(6.59±1.18%) 

2.79  
(6.90±2.13%) 

2.78   
(6.51±1.31%) 

2.87   
(5.13±1.78%) 

2.54  
(6.28±1.56%) 

GPCC-L 2.81  

(8.91%) 

2.87 

 (9.96%) 

2.84 

 (8.81%) 

2.93 

(7.33%) 

2.6135  

(9.21%) 

GPCP V2.3  2.84 2.73 2.89 2.86 2.68 

 Table 1. Global annual and seasonal mean precipitation rates over land from GPCC, GPCC-L, 

GPCC-F, and GPCP V2.3. The analysis does not include Antarctica because GPCC and CF-L do not 

cover Antarctica. The percent values in parentheses display the percent increase of precipitation total 

as compared to the GPCC full product that does not include gauge undercatch CFs. For GPCC-F the 

numbers following the ± sign represent 2σ (2 times standard deviation) variability in CF-F during the 

37 years (1982-2018) studied here.   

Figure 3. Seasonal maps of CF-F (left column) and CF-L (middle column), and relative differences 

between the two (right column) calculated from monthly CF-L and 37 years (1982-2018) of 
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monthly CF-Fs. From top to bottom, rows show winter, spring, summer, and fall, respectively. 

Note that CF-L provides correction factors over both land and ocean, but our comparison is limited 

to land as CF-F offers correction factors only over land. The maps are produced at 1 degree spatial 

resolution.   

It is important to quantify how much the choice of correction factor can impact our 

“measured precipition” values. Table 1 shows global annual and seasonal mean 

precipitation rates over land (excluding Antarctica) from GPCC, GPCC-L, GPCC-F, and 

GPCP V2.3. The percent values in parentheses display the percent increase of precipitation 

total as compared to the GPCC full product that has no gauge undercatch correction. For 

GPCC-F the numbers following the ± sign represent 2σ (2 times standard deviation) 

variability in CF-F during the 37 years (1982-2018) studied here. For example, Table 1 

suggest that by using GPCC-F and GPCC-L annual land (except over Antarctica) 

precipitation measured by GPCC Full product increases by 6.59±1.18% and 8.91%, 

respectively.  This increase is largest during boreal winter (6.90±2.13% and 9.96%) and 

smallest during boreal summer (5.13±1.78% and 7.33%) based on CF-F and CF-L, 

respectively. This increase in precipitation rate is fairly large given that previous studies 

have suggested that the global precipitation rate has to be increased by about 5% (e.g., 

Trenberth et al. 2009; Rodell et al. 2015) or higher (e.g., Stephens et al. 2012) to bring 

water and energy budget into balance.  Therefore, this order of magnitude change in our 

quantification of precipitation over land and its regional distribution can have profound 

impacts on our understanding of Earth system processes at regional and global scales. 

Note that by using CF-F our annual increase in GPCC precipitation can be about 

2.32±1.18% less than that suggested by CF-L over land.  

Figure 4 shows that the presence of snowfall is clearly a dominant factor in increasing CFs 

and while elevation has an effect, often it is not a major player compared to the 

precipitation phase (Figs 4a and 4b). Figure 4c shows relative differences between CF-F 

and CF-L as a function of elevation and monthly snowfall probability. The relative 

difference is defined as CF-F minus CFL divided by the average of the two. Interestingly, 

the differences between CF-F and CF-L are fairly systematic. For example, for grids with 

monthly snowfall probabilities greater than 70%, CF-F is larger than CF-L at elevations 

above 2000m. At elevations higher than 2000m, CF-F tends to exceed CF-L for monthly 

snow probabilities greater than ~ 50% (or less for elevations greater than 3500m). The 

number of samples used in Figs 4a-4c are shown in Fig. 4d.  
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Figure 4: Average values of  (a) CF-F, (b) CF-L, and (c) their relative difference (CF-F minus CF-

L divided by their mean times 100) within grids constructed from the joint distribution of snowfall 

probability and surface altitude.  Number of samples in each grid is shown in panel (d).   

As discussed earlier CF-F and CF-L are different from each other in how they utilize 

environmental variables, among those the main variables are near surface T, RH, and 

wind, and PR. In addition to the analysis of regional differences between the CFs, it is 

important to investigate how the CFs are compared as a function of these environmental 

variables.  Figure 5 shows average values of CF-F and CF-L (Figs 5a-d), and their relative 

differences (Figs 5e-h), as a function of near surface T, RH, and wind, and PR. Samples 

counts in each bin are also shown in Figures 5i-l. Figure 5a shows that as T decreases both 

CF-F and CF-L tend to increase, but for T around 0oC and colder, CF-L does not show any 

clear trend with decreasing T, instead CF-F continue to show an inverse relationship with 

T. This could be a reason why CF-F has larger values at very high latitudes (Fig. 1). Figure

5e shows that CF-F can exceed CF-L by more than 20% for T less than 0 oC, while at

warmer T, CF-L and CF-F are fairly comparable. Figure 5b shows that as W increases

both CF-L and CF-F tend to increase and then decrease at very high wind speed. While it

is not clear why at high wind speed CFs are reduced, the number of samples (Fig. 5j) are

too low for W greater than 10m/s to be trusted. Figure 5c suggests that CFs tend to

increase with increasing RH up to 80% relative humidity, and then they tend to show

smaller values for RH exceeding ~80%. While there is a slight shift between CF-F and
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CF-L, causing CF-F to be smaller than CF-L by about 15% at RH near 90%, both CF-F 

and CF-L are fairly consistent in their relationship with RH. Note that the increase of CFs 

with RH can be partly related to the fact that RH is correlated with T, so as T decreases 

RH can increase for the same moisture content. Finally, except at very low precipitation 

rates, both CF-F and CF-L show similar behavior with respect to PR (Fig. 5d), so as PR 

increases CFs tend to show smaller numbers. This could be due to: (1) larger CFs are 

needed for light precipitation rate as they can be easier moved away from the  rain gauge 

orifice, (2) lighter precipitation occurs in higher latitudes where we have more snowfall 

and more intense precipition occurs at lower latitudes or warmer temperatures where 

rainfall is dominant. Nonetheless the behavior of CF-F and CF-L seems consistent with 

changes in PR.   

Figure 5. Comparison of CF-F and CF-L as a function of T, W, RH, and PR. From left to right the 

columns are for T, W, RH, and PR, respectively. The top row shows CF values, the middle row 

shows relative difference between CF-F and CF-L (i.e., CF-F minus CF-L divided by their mean 

times 100), and the bottom row displays sample size for each bin.  

While valuable information can be obtained from Figure 5, it is important to realize that as 

the variables can be interdependent on each other, the identified relationship of CFs with 

each variable may not be pure. Therefore, it is intuitive to explore how the surrogate 

modeling approach and PD analysis (Section 2.4) see such relationships.  The PD function 

at a particular feature value represents the average prediction if we force all data points to 

assume that fixed feature value. In other words, we intervene on a feature and calculate the 

target value (CFs) divergence. To achieve such a perfect representation on how the feature 

influences the prediction on average, we need to make sure the feature for which we 

computed the PD is not correlated with the other features, otherwise we would rebuild new 
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data points in areas of the feature distribution where the actual probability is very low. 

Therefore, we set a maximum threshold of 0.5 for Pearson correlation coefficient to 

partially mitigate the correlation effect.  

Figure 6 shows 1-D partial dependency profiles for CFs relative to each individual variable 

tested, where increasing values of PDCF is conducive to higher correction factor. The main 

objective of this analysis is to investigate the consistency between CF-F and CF-L and 

how they are compared as a function of the environmental variables used in their 

development. Figure 6a suggests that both CF-F and CF-L have larger values at colder 

temperatures and their relationships with temperature are fairly comparable (e.g., both of 

them show a general decreasing trend as temperature increases and a sharp reduction in 

PDs as T exceeds ~ 0oC). However, a more careful comparison can also show some 

differences between the two (e.g., for T between -10oC to 0oC). Figure 6a is also fairly 

consistent with Fig. 5a, but Fig. 6a seems to show a stronger inverse relationship between 

T and CFs. Figure 6b shows that PDs increase with increasing wind speed, suggesting that 

both CF-F and CF-L have larger values for larger wind speed. This is expected and the 

results suggest that the two CFs follow a comparable relationship with wind speed (e.g., 

both show a relatively sharp increase in PDs for W between 2 and 4 m/s and then a slower 

slope for W greater than 5 m/s). Again, despite its overall consistency with Fig 5b, Figure 

6b shows a clearer relationship (or higher sensitivity) between CFs and W than that 

observed in Fig. 5b. While CF-F and CF-L show fairly similar relationship with T and W, 

for RH and PR they show some noticeable differences between the two CFs (Figs 6c and 

6d). Figure 6c shows higher correction factor by increasing relative humidity up to 70% 

for both CF-F and CF-L. However, CF-F model shows higher sensitivity (e.g., sharper 

slope) to lower relative humidity values compared to the CF-L model. Note that, besides 

the use of daily synoptic data, CF-F utilizes RH for precipitation phase detection, making 

it slightly different from CF-L that mainly relies on near surface air temperature. This 

might party contribute to the observed higher sensitivity of CF-F to RH. However, the 

exact reason for the observed relationship needs further investigations.  It is also important 

to note that as temperature decreases RH tend to increase. Therefore, the relationship 

between PD and RH can be at least partly explained given the inverse relationship between 

T and PD (Fig. 6a).  As can be seen in Figure 6c, CF-L model shows a slight decrease in 

PD values for RH between 65% and 75% (which is consistent with CF-F), and then a very 

sharp increase in the PD values for RH greater than 75%, which is not consistent with CF-

F. We are not aware of any clear explanation for the observed decrease followed by the 

sharp increase, but this might be related to the fact that CF-L uses a coarser resolution 

dataset and does not explicitly use RH in separating precipitation phase. Error in 

separating precipitation phase can lead to large differences in CFs as a much larger CF is 

often assigned to snowfall than rainfall. One may conclude that the use of synoptic RH in 

precipitation phase detection might lead to a more reasonable behavior in CF-F than CF-L. 

Similar to Fig 5d, Figure 6d suggests that in general higher precipitation rate results in 

lower correction factor, perhaps due to lower wind effect on intense versus light 

precipitation rate, and the two CFs are overall consistent. However, Fig. 6d shows that 

with respect to PR, CF-F and CF-L are less consistent with each other than that perceived 

from Fig. 5d.  The main differences between the two CFs are at very low and high 

precipitation rates, where CF-L shows high sensitivity to lower PR while it is relatively 

insensitive to higher PR compared to CF-F. We are not aware of the exact reason for why 
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the two CFs respond differently to PR, but this might be related to the fact that CFF uses 

synoptic data with higher spatiotemporal resolution while CF-L mainly relies on coarser 

resolution climatology measurements.    

Figure 6: The median partial dependence (PD) of both corrections factors (CF-L in blue color and 

CF-F in red color) for: (a) near surface air temperature (T), (b) near surface wind speed (W), (c) 

near surface relative humidity (RH), and (d) total precipitation rate (PR). Note that GBRT 

simulations were performed separately for CF-L and CF-F.   

We emphasize that the purpose of Figure 6 is to show areas of consistency or 

inconsistency between CF-F and CF-L in relation to the variables used in their 

development. The use of surrogate model together with the PD technique revealed some 

differences between CF-L and CF-F that otherwise could not be easily seen using simple 

methods (e.g., Fig. 5). The use of surrogate model and PD can also be extended by 

producing 2-D partial dependence maps of both CFs (Fig. S2), where the PDs are shown 
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separately for CF-L and CF-F and for the joint distribution of T and RH, T and W, and PR 

and W. However, the exact interpretation of the observed differences can be complicated 

given the methodology and scale differences used in the development of the two CFs and 

is beyond this study. We are hoping that the results presented here can add insights onto 

some areas of potentials differences between the two CFs for future studies.    

4. Conclusion

Accurate estimation of precipitation amount and distribution is critical for regional and 

global studies. Over land, rain gauges provide measurements of precipitation rate and 

through interpolation they enable us to estimate precipitation rates at regional and 

global scales. Precipitation measurements at rain gauges are also critical for calibration 

of satellite precipitation retrievals, thus most of the gridded satellite-based 

precipitation products tend to produce a satellite-gauge product to improve their 

retrieval biases using precipitation measurements at rain gauges. However, it is 

important to realize that precipitation measurements at rain gauges also face errors due 

to precipitation undercatch.   

In the present study we investigated two popular gauge undercatch correction factors 

(CFs): (1) CF-L used in GPCP, and (2) CF-F used in GPCC monitoring product. CF-L 

is based on climatology of monthly precipitation record from 1920-1980 and is 

available as monthly maps of correction factors that are fixed for each calendar month 

and do not change from one year to another. In contrast, CF-F is based on a dynamic 

correction model that uses synoptic observation of necessary parameters (i.e., wind 

speed at the rim of the gauge, air temperature, relative humidity, and precipitation 

intensity) to calculate daily timescale corrections, considering precipitation phase and 

intensity. We quantified how much the choice of the CFs can impact our total estimate 

of precipitation over land at seasonal, annual, regional, and global scales, and related 

them to major variables (e.g., near surface T, RH, and W) used in the development of 

the CFs.   

Zonal plots of CFs show that both CFs are larger in higher latitudes and CF-F exceeds 

CF-L poleward of ~ 65oN in all seasons.  At around 70oN and in winter mean CF-F 

reaches it maximum value, suggesting more than 100% increase in the measured 

precipitation intensity (Figure 1a).  In lower latitudes, however, the relative differences 

between zonally averaged CF-F and CF-L often stay within ±5% inside the 50oS-65oN 

zone, partly because CFs are much smaller for rainfall than snowfall. Regional 

assessment of CFs reveals additional information and is less prone to cancelation 

effect that may appear in zonal plots. Despite their overall consistency, CF-F and CF-L 

showed regions with large differences, among those are northern part of the Central 

United States (where CF-F can be much larger than CF-L in all seasons except 

summer) and Eurasia (where CF-L is considerably larger than CF-F), especially in 

winter.  

Over global land (except Antarctica), the use of CF-F and CF-L results in increase of 

GPCC Full product by 6.59±1.18% and 8.91%, respectively. This increase is largest 

during boreal winter (6.90±2.13% and 9.96%) and smallest during boreal summer 

(5.13±1.78% and 7.33%) based on CF-F and CF-L values. This increase in 

precipitation is fairly large given that previous studies have suggested that the global 
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precipitation has to be increased by about 5% (e.g., Trenberth et al. 2009; Rodell et al. 

2015) or higher (e.g., Stephens et al. 2012) to bring water and energy budget into 

balance. Therefore, the choice of CFs can have a considerable impacts on our water 

and energy budget calculations. For example, by using CF-F our annual increase in 

GPCC precipitation can be about 2.32±1.18% less than that suggested by CF-L over 

land.  

Comparison of CF-F and CF-L as a function of near surface T, RH, and W was 

performed using two different approaches: (1) by binning T, RH, W, and PR and 

calculating mean CF-F and CF-L within each bin, and (2) by fitting a surrogate model 

to reproduce CF-F and CF-L and determining the role of each variable in calculation 

of CFs using a partial dependency (PD) analysis. We found that the simple binning 

method provides little information on the role of each variable in CFs, likely due to the 

cancelation effect and the fact that variables act together, thus analyzing them 

individually may not be effective. The 1-D and 2-D PD analysis revealed distinct 

relationships between CFs and the variables used in their development (i.e., T, RH, W, 

and PR). Overall, by increasing T and W, CFs tend to decrease and increase, 

respectively and both CF-F and CF-L show a fairly similar response as indicated by 

their PD values. By increasing RH, PDs tend to increase for both CF-F and CF-L, but 

CF-F shows more sensitivity to RH at lower RH values, and CF-L seemed to be more 

sensitive to higher RH values as can be observed from PD slopes. It was also found 

that both CFs tend to show lower values as precipitation rate increases, but CF-L 

shows a different behavior at lower precipitation rates. 2-D analysis showed more 

insights on how CF-L and CF-F respond to the joint plots of T, RH, W, and PR. 

However, the interpretation of the differences requires expert knowledge and could be 

a subject for future studies.     
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Supplementary 

Figure S1. Variation of seasonal mean CF-Fs across 37 years (1982-2018) of monthly CF-F data 

shown by 2 times standard deviation of the seasonal mean CF-Fs (left-column) and their relative 

values calculated by dividing the values in the left column by their corresponding CF-F averages 

and multiplying the ratio by 100 (right column).     
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Figure S2: The two dimensional partial dependence (PD) of both corrections factors (CF-L in 1st 

column and CF-F in 2nd column) on the joint distribution of following parameters in a normalized 

scale: [1st row] air temperature at 2m (T2) and air relative humidity (RH), [2nd row] total 

precipitation rate (PR) and wind speed (W); and  [3rd row] T and wind speed (W); Note that GBRT 

simulations were performed using correction factor values (CFs) for both Legates (CF-L) and 

Fuchs (CF-F) methods. Solid black lines on x and y axis represent the values of the (left to right) 

5th, 25th, 50th, 75th, and 95th percentiles of the input parameter.  
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Abstract
Despite its importance for hydrology and water resources, accurate estimation of snowfall rate over snow-covered regions has
remained a major observational challenge from both in-situ and remote sensing instruments. Snowfall accumulation can be
measured by either accumulating snowfall estimates or measuring snowpack properties such as Snow Water Equivalent (SWE)
and mass. By focusing on snowfall over snow accumulation period and using case studies and long-term average (2003 to 2015)
over CONUS, this study compares snowfall accumulation from gauge stations (using GPCC and PRISM products), satellite
products (GPCP and the suite of IMERG products), and reanalysis (ERA-interim, ERA5, and MERRA-2). Changes in SWE
based on the recent UA-SWE product together with mass change observation from GRACE were used for assessment of
precipitation products. We also investigated two popular gauge undercatch correction factors (CFs) used to mitigate precipitation
undercatch in GPCC and GPCP. The results show that snow accumulation from most of the products is bounded by GPCC with
and without correction, highlighting the critical importance of selecting proper CFs for gauge-undercatch correction. The CF
based on Legates and Willmott method was found to be more consistent with the SWE-based analysis than CF based on the
Fuchs method. Reanalysis show very similar spatial pattern among themselves, but represent large variation in simulating snow
accumulation, with ERA-interim showing the least accumulation and MERRA-2 showing the highest accumulation and closest
to the snow accumulation suggested by SWE.

Keywords Snowfall . SWE . Gauge undercatch . Satellite . Reanalysis

1 Introduction

Accurate quantification of snowfall and its accumulation is
critical for a wide range of applications including flood fore-
casting, water resources management, and climate change
analysis (e.g., Ye et al. 2016). Snow acts as a large natural
reservoir and is an important source of freshwater during the
warm season for many regions that rely on wintertime
snowfall.

Precipitation, including snowfall, has commonly been
measured by direct sampling through in-situ gauges that come
in a variety of types and specifications. Snowfall measurement
using gauges is particularly susceptible to undercatch issues as
wind and turbulence can blow snow away from the mouth of a
precipitation gauge (Rasmussen et al. 2012). While correction
factors are used, they can be as large as a factor of three for
snowfall (Legates and Willmott 1990) and their uncertainty
may exceed 100% (Yang et al. 2005; Fuchs et al. 2001).
Furthermore, gauges provide point measurements with limited
spatial representation as ground stations are often sparse or
non-existent in cold and remote regions.

Remote sensing of precipitation provide areal estimate and
can cover remote regions, but accurate estimation of snowfall
from radar or satellites is challenging (Behrangi et al. 2014a,
2016a;Maggioni et al. 2017; Chen et al. 2016). Satellite-based
precipitation estimates have been affected by insufficient sen-
sitivity of sensors to light rain and snowfall (e.g., Behrangi
et al. 2017; Smalley et al. 2014), inaccurate knowledge of
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surface emissivities over frozen land (Ferraro et al. 2013),
problems in distinguishing light rain and snow from cloud
(Berg et al. 2006; Lebsock and L’Ecuyer 2011), insufficient
understanding of precipitation microphysics (Bartsotas et al.
2018; Christensen et al. 2016), and difficulties in retrieving
precipitation rate enhanced by orographic effect (Shige et al.
2013). Ground radar estimates can also contain large errors
due to imperfect empirical relationships between radar reflec-
tivity and precipitation rate, missing light snowfall (Chen et al.
2016), and mountain blockage. Furthermore, ground radars
are available over few countries and most regions of the world
are not covered by ground radars.

Bias adjustment of satellite products using in situ (i.e., rain
gauge) measurements is a common practice (Adler et al. 2003;
Huffman et al. 2007) and often results in major improvement
of satellite or radar products for hydrologic applications
(Behrangi et al. 2011, 2014b). However, for snowfall mea-
surement, in situ data also have shortcomings (e.g.,
undercatch in gauges, sparseness of gauges over cold regions,
and point versus areal measurement). Therefore, researchers
have tried to also investigate other alternative methods.

Snowfall accumulation could be measured by either accu-
mulating snowfall estimates or measuring snowpack properties
(e.g., height, water equivalent, or mass). In theory, the two types
of measurement should yield consistent results and differences
should be minimum in an ideal case. For example, storage
change observation from the Gravity Recovery and Climate
Experiment (GRACE) has been used to quantify large scale
bias in popular precipitation products over Tibetan plateau
(Behrangi et al. 2017) and high latitudes (Behrangi et al.
2018a). Another alternative is using estimates of Snow Water
Equivalent (SWE). In a proof of concept study, Tian et al.
(2014) used SWE from AMSR-E Daily Global Snow Water
Equivalent data (Kelly 2009; Tedesco and Narvekar 2010)
and showed that uncertainty in determining snow accumulation
using SWE, albeit large, is still lower than direct precipitation
measurements over. The studywas performed over the northern
hemisphere and during snow accumulation period (e.g., winter-
time), when snow ablation is minimum. In a more recent study,
Behrangi et al. (2018b) used fairly accurate high resolution (i.e.,
100 m) SWE estimates from the Airborne Snow Observatory
(ASO) over two mountainous basins in California to estimate
monthly snowfall accumulation. By comparing SWE accumu-
lations from ASO, they evaluated a suite of in-situ based and
remote sensing precipitation products and concluded that satel-
lite and radar products largely underestimate snowfall accumu-
lation compared to ASO (up to 50%), but can capture monthly
spatial patterns as indicated by overall correlation coefficients
greater than 0.8 with ASO snow accumulation. However, ASO
observation has been limited to few basins in California and
Colorado and surveys are often performed during the melting
season, limiting its application for assessment of snowfall ac-
cumulation across different regions and years.

In the present study we perform a comparative analysis of
snow accumulation among several gridded precipitation prod-
ucts from satellites, reanalysis, and in situ measurements,
guided by the recently developed UA-SWE product
(Broxton et al. 2016a, b). The analyses are then used to assess
two popular gauge undercatch correction factors. In our anal-
yses we also use GRACE observation to add additional in-
sights on snow accumulation and quality of the UA-SWE
product.

2 Method and Dataset

We conduct our comparative analysis for snow accumulation
period, defined as a period in which daily maximum surface
air temperature stays below 1 °C, continuously for at least
30 days, and snow accumulation based on UA-SWE exceeds
6 mm. A case study is defined if at least 15 connected grids at
0.5° × 0.5° resolution pass the snow accumulation criteria.
These criteria minimize snow melting and allow comparing
snowfall accumulation from UA-SWE and various precipita-
tion products. Consequently, the study region is often located
in North or Northeast CONUS and incudes periods that often
coincide with winter months. UA-SWE and precipitation rates
from various products were mapped onto a common 0.5° ×
0.5° grid within the identified regions prior to comparison.

The use of UA-SWE for snowfall accumulation study fol-
lows the mass conservation principle dictating that any change
in one component of the water balance must be compensated
for by the same amount collectively in the other components
(e.g. Dingman 2008). In other words, SWE accumulation can
be used to estimate precipitation accumulation when sublima-
tion is accounted for and there is no snowmelt and runoff.
According to the temperature criteria used to define snow
accumulation period, no snowmelt or runoff is expected.
Similar concept has also been used for precipitation analysis
using GRACE Total Water Storage Anomaly (TWSA) obser-
vations (e.g., Behrangi et al. 2017). Therefore, in this study we
also use GRACE data to investigate the consistency between
GRACE and UA-SWE observations. We used GRACE data
for case studies where and when possible, because the report-
ed timing for GRACE may not exactly match the accumula-
tion period and due to the coarse resolution of GRACE the use
of GRACE requires a fairly large region of connected grids.
We used the following data sets:

2.1 In Situ Data

2.1.1 PRISM

Gridded observations of daily precipitation rate and maximum
air temperature are obtained from the Parameter-elevation
Regressions on Independent Slopes Model (PRISM) dataset
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(Daly et al. 1994, 2002) developed by the PRISM Climate
Group at Oregon State University. PRISM data cover the
CONUS and are high quality meteorological station observa-
tions interpolated to a 4-km grid using a human expert and
statistical knowledge-based system that utilizes a digital ele-
vation model (http://www.prism.oregonstate.edu). PRISM
incorporates data from about 13,000 stations for
precipitation and nearly 10,000 stations for maximum and
minimum temperature across the CONUS. The PRISM
products use a weighted regression scheme to account for
complex climate regimes associated with orography, rain
shadows, temperature inversions, slope aspect, and coastal
proximity, and other factors. However, PRISM does not
accoun t fo r gauge unde r ca t ch i s sue (pe r sona l
communication with C. Daly in 2019) and thus PRISM may
largely underestimate snowfall rate. PRISM data are available
at daily and monthly time scales. We used daily 4 km PRISM
data sets that are available since 1981.

2.1.2 GPCC

The Global Precipitation Climatology Centre (GPCC) product
established in 1989 under World Meteorological Organization
(WMO). GPCC produces station-based gridded precipitation
data that covers global land (except Antarctica) using station
data from several networks (Schneider et al. 2014). GPCC
uses interpolation of sparse data to produce a gridded map
(Schneider et al. 2017). GPCC offers various products includ-
ing: (1) the Full data daily (V 2018), currently available at
1° × 1° resolution from 1982 through 2016, incorporating all
stations with the highest quality-control process, but is not
available in real-time and does not correct for gauge under-
catch problem; and (2) the latest Monitoring product (V6) that
uses records from fewer gauging stations and is available from
1982 to 3 months before present (Schneider et al. 2018). The
V6 product also includes an empirical gauge correction factor
(CF). The CF is based on a method described in Fuchs et al.
(2001), hereafter referred to as CF-F, that uses a dynamic
correction model (Rubel and Hantel 2001) and employs var-
ious synoptic observations such as air temperature, relative
humidity, precipitation intensity and wind speed. In case CF-
Fs cannot be derived (e.g., because of missing synoptic obser-
vations), Legates and Willmott climatology (Legates and
Willmott 1990) can be used as base pattern (see Fuchs et al.
2001 for further details). The Legates and Willmott correction
method is a monthly spatially varying climatology of
undercatch estimate using the best guess of gauge types
around the world as of the early 1980’s. Legates and
Willmott (1990) generated a global climatology of monthly
precipitation by removing systematic errors caused by wind,
wetting on the interior walls of the gauge, and evaporation
from the gauge observations. The Global Precipitation
Climatology Project (GPCP) (Huffman et al. 2009; Adler

et al. 2018) uses CFs from Legates and Willmott (1990) to
correct GPCC before combining it with satellite data.

2.1.3 UA-SWE

UA-SWE uses in situ data from the National Resources
Conservation Service (NRCS) Snowpack Telemetry
(SNOTEL; Serreze et al. 1999) network and the National
Weather Service’s (NWS) Cooperative Observer Program
(COOP) network in the United States. The COOP snow
depths are converted to SWE using a relationship between
the SNOTEL SWE and snow depth data at the time of max-
imum snow accumulation. As discussed in Broxton et al.
(2016a, b), SWE measurement at each station is divided by
the amount of accumulated snowfall (from the time that no
snow was on the ground to the time of the SWE estimate)
measured at the station minus estimate of accumulated abla-
tion (for the same period), which is given by a simple temper-
ature index snow model. These ratios are then interpolated to
the PRISM 2.5-arc-min (4 km) grid and multiplied by net
snow accumulation (i.e., accumulated snowfall minus the es-
timate of accumulated ablation for each PRISM grid).
Evaluation of UA-SWE using the Airborne Snow
Observatory (ASO) (Painter et al., 2016) and comparison with
the SnowData Assimilation System (SNODAS; Barrett 2003)
have shown remarkable skill over the CONUS (Braxton et al.
2016b; Dawson et al. 2018). The UA-SWE product is avail-
able at 4 km × 4 km spatial resolution and daily time scale
since October 1981.

2.2 Satellite Data

2.2.1 GPCP

GPCP is a widely-used community-based analysis of global
precipitation under the auspices of the World Climate
Research Program (WCRP) and the Global Energy and
Water Exchanges (GEWEX) project. GPCP is a combined
satellite-gauge product. Satellite data are used over land and
ocean and obtained from the Special Sensor Microwave
Imager (SSM/I), Special Sensor Microwave Imager/Sounder
(SSMIS), geostationary imagers and polar orbiting infrared
sounders [i.e., the Television Infrared Observation Satellite
(TIROS) Operational Vertical Sounder (TOVS) and
Atmospheric Infrared Sounder (AIRS)]. GPCP uses GPCC
full product as its in situ component, but prior to combination
with satellite data, GPCC estimates are adjusted for gauge
undercatch using the CFs suggested by Legates and
Willmott (1990), hereafter we refer to them as CF-LW.
Gauge measurements are averaged with satellite estimates
using inverse estimated error variance as the weights
(Huffman et al. 1997). Several upgrades have been made to
the GPCP since its initial release (Huffman et al. 1997; Adler
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et al. 2003, 2018). We used the latest version of daily GPCP
climate data record (Version 1.3) (Huffman et al. 2001; Adler
et al. 2018), providing globally complete precipitation esti-
mates at a spatial resolution of 1° × 1° from October 1996 to
few month before present. While it uses slightly different data
sets and methods than that used in the GPCP Monthly analy-
sis, the GPCP Daily sums up to the GPCP Monthly (V2.3)
(Adler et al. 2018).

2.2.2 IMERG

The IntegratedMulti-satellite Retrievals for GPM (IMERG) is
the unified U.S. algorithm and its latest version (V6) provides
half-hourly 0.1° × 0.1° global map of precipitation since 2000.
The precipitation estimates from the various precipitation-
relevant satellite passive microwave (PMW) sensors compris-
ing the GPM constellation are computed using the 2017 ver-
sion of the Goddard Profiling Algorithm (GPROF2017),
intercalibrated to the GPM combined instrument product,
gridded, and combined into half-hourly 0.1° × 0.1° fields.
Detailed description and derivation of the IMERG products
are provided in Huffman et al. (2018) and in brief includes
four main steps: 1) Precipitation estimates from the GPM con-
stellation radiometers are gridded, intercalibrated to 2BCMB,
and combined into half-hourly 0.1°×0.1° fields (variable
name: “HQprecipitaiton”), 2) Maps of half-hourly IR precip-
itation rate (“IRprecipitation”) are calculated using an IR-
based precipitation retrieval method (PERSIANN-CCS;
Hong et al. 2004), 3) By utilizing the Climate Prediction
Center Morphing-Kalman Filter (CMORPH-KF) Lagrangian
time interpolation scheme (e.g., Joyce and Xie 2011),MWand
IR estimates are used to create half-hourly estimates
(“precipitationUncal”), and 4) the multi-satellite half-hour es-
timates are adjusted so that they sum to a monthly satellite-
gauge combination (“precipitationCal”) that employs GPCC
monthly gauge analysis after being corrected by CF-LW.

This paper uses “precipitationCal”, “precipitationUncal”,
“IRprecipitation”, “HQprecipitaiton” fields from the Level 3
IMERG V6 “Final” half-hourly 0.1° × 0.1° product
(GPM_3IMERGHH.06), referred to by IMER-F-Cal,
IMERG-F-Uncal, IMERG-IR, and IMERG-HQ, respectively.

2.2.3 GRACE

GRACE was a joint mission of NASA and the German
Aerospace Center. Twin satellites provided measurements of
Earth’s gravity field anomalies from March 2002 to October
2017, the end of its mission. The continuation of the mission
enables using the GRACE follow-on mission, with its twin
satellites launched in May 2018. TWSA data are obtained
from GRACE mass concentration (mascon) data product
(RL06M V1), representing the 3° × 3° equal-area caps,
downloaded from ftp://podaac-ftp.jpl.nasa.gov/allData/tellus/

L3/mascon/RL06/JPL/CRI/netcdf/). This version includes
improvements in both background geophysical models and
orbital parameterization and reduces uncertainty and bias
due to leakage effects (Watkins et al. 2015; Wiese et al.
2016). The coarse resolution GRACE mascon solution is
downscaled to 0.5° × 0.5° grid by multiplying it by a scaling
factor grid available in https://grace.jpl.nasa.gov/data/get-
data/monthly-mass-grids-land/.

2.3 Reanalysis Products

Considering the lack of reliable observational data sets over
cold regions, reanalysis precipitation products provide viable
insights on precipitation estimates (Palerme et al. 2014;
Behrangi et al. 2016b). Reanalyses products are based on the
assimilation of various in situ and remote sensing observations
into an atmospheric general circulation model and are among
the most widely used datasets in Earth science. We used three
popular reanalysis products: The recent Modern-Era
Retrospective analysis for Research and Applications, version
2 (MERRA-2) (Reichle et al. 2017; Gelaro et al. 2017), ERA-
Interim (Dee et al. 2011; Simmons et al. 2010), and ERA5
(C3S 2017). MERRA-2 was introduced to replace and extend
the original MERRA dataset, which ended in February 2016.
The MERRA-2 dataset is available at subdaily 0.5° × ~0.67°
resolution. It includes recent upgrades to the atmospheric as-
similation that enable the use of newer satellite observations
that could not be assimilated in the original MERRA system.
Additionally, MERRA-2 benefits from the latest advances in
the Goddard Earth Observing System, version 5 (GEOS-5). In
this study we used daily data obtained from Goddard Earth
Sciences Data and Information Services Center (GES DISC).
ERA-Interim is the European Centre for Medium-Range
Weather Forecasts global atmospheric reanalysis. ERA-
interim relies on a 4D-VAR system which uses observations
within 12 h windows to initialize forecast simulations. ERA-
interim treated several problems that were identified in ERA-
40 by improvingmethods, in particular the hydrological cycle,
the temporal consistency of the analyzed fields, and the qual-
ity of the stratospheric circulation. This study uses half-daily
precipitation obtained from http://apps.ecmwf.int/datasets/ at
0.5° × 0.5° spatial resolution. ERA Interim is being phased
out, and the last date to be made available in ERA Interim
will be 31 August 2019. ERA5 data released as the
substitution for migration form ERA-interim. ERA5 is
available from 1979 to 2–3 months before the present,
claiming significantly improvements with spatial and tempo-
ral resolution and global balance of precipitation and evapo-
ration. ERA5 was produced using 4D-Var data assimilation.
The ERA5 dataset contains one (31 km) high resolution real-
isation (HRES) and a reduced resolution ten member ensem-
ble (EDA). Generally, the data are available at a sub daily and
monthly frequency and consist of analyses and short-term
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(18 h) forecasts, initialized twice daily from analyses at 06 and
18UTC.Most analyzed parameters are also available from the
forecasts. Here we used 0.25° × 0.25° hourly precipitation da-
ta from ERA5 provided by Copernicus Climate Change
Service (C3S; 2017).

3 Results

Figure 1 shows seasonal maps of CF-LWand CF-F, calculated
by averaging 13 years (2003–2015) of monthly CFs, over
CONUS. CFs are largest in winter and smallest (around one)
in summer, mainly because gauge undercatch is larger when it
snows than when it rains. Snow particles have a much larger
drag force than rain drops, so wind and turbulence can be
more effective to blow the snow away from the mouth of a
precipitation gauge (Rasmussen et al. 2012). However, CF-F
is much larger than CF-LW over most of the CONUS (i.e.,
mountains and cold region) in winter and western half of
CONUS in other seasons. In winter, CF-F values exceed 2.5
and differ from CF-LW by more than 40% over a wide region
in the northern and central U.S (Fig. 1c). This means that
depending on the CF used, in situ estimates of winter

precipitation might significantly differ from each other, an
important issue that often is not considered.

It is important to assess the role of CFs in the context of
other precipitation inter-comparisons as most of the precipita-
tion products face challenges in quantifying winter precipita-
tion (especially snowfall) and they tend to utilize in situ data in
their final satellite-gauge product. Furthermore, the popular
GPCP and GPCC monitoring products use different CFs
(i.e., GPCP uses CF-LW and GPCC monitoring uses CF-F)
to correct for gauge undercatch.

As discussed in the methodology section, we focus on
snow accumulation period, in which no melting is expected.
This period represents the largest CFs and largest differences
between CF-F and CF-LW (Fig. 1; the first row). Focusing on
snow-accumulation-period also enables to bring together in-
sights from independent snow accumulation estimates from
UA-SWE and GRACE gravity measurements.

Figure 2 shows maps of snow accumulation for a case
study, between Dec 30, 2010 and Feb 5, 2011. GPCC
(Fig. 2b) produces the lowest accumulation across the entire
region. The precipitation products include PRISM, GPCC
2018, GPCC-F (i.e., GPCC corrected by CF-F), GPCC-LW
(i.e., GPCC corrected by CF-LW), GPCP daily V1.3, IMERG

Fig. 1 Seasonal maps of CF-F (left column) and CF-LW (middle col-
umn), and relative differences between the two (right-column) calculated
by averaging over the studied years (2003–2015) of monthly CFs over

CONUS. From top to bottom rows represent winter, spring, summer, and
fall, respectively
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fields (Cal, Uncal, IR, and HQ), ERA-Interim, ERA5, and
MERRA-2. It can be seen that the overall pattern of PRISM
(Fig. 2a) is similar to GPCC (Fig. 2b), but it has several grids
with elevated snow accumulation compared to GPCC. The
observed increase in these grids is likely because PRISM uses
additional in situ data, has higher resolution than GPCC, and
accounts for several factors (e.g., topography, etc.) in its high
resolution interpolation scheme (Section 2.1.1). As a result,
PRISM exceeds GPCC by about 7 mm snow accumulation at
the end of accumulation period (Fig. 3). GPCC-F (Fig. 2c) and
GPCC-LW (Fig. 2d) show large increase in snow accumula-
tion compared to GPCC, but GPCC-F shows a much larger
increase than GPCC-LW, as CF-F has significantly larger
values than CF-LW (Fig. 1). While one may expect more
similarities between GPCP (Fig. 2e), IMERG-F-Cal (Fig. 2f)
and GPCC-LW (e.g., because both GPCP and IMERG-F-Cal
use GPCC-LW for satellite-gauge analyses), regional differ-
ences can be observed due to contribution of satellites with
different resolutions, differences between calendar month and
study period, and slight differences in combination approach
in GPCP and IMERG-F-Cal. IMERG-F-Uncal (Fig. 2g) and
IMERG-IR (Fig. 2h) are similar. This is because IMERG-F-
Uncal uses IMERG-IR precipitation estimates over snow and

ice surface where current passive microwave precipitation es-
timate (here IMERG-HQ; Fig. 2i) is believed to be low quality
(based on personal communication with G. Huffman in April
2019). Among the reanalysis products, ERA-Interim (Fig. 2j)
shows the smallest, MERRA-2 (Fig. 2l) shows the largest, and
ERA5 (Fig. 2k) showsmedium snow accumulations that often
fall between the two. The three reanalysis products show a
fairly comparable spatial pattern, but grid-level differences
can also be seen. Figure 2m, n show the UA-SWE and UA-
SWE with no ablation (hereafter UA-SWE-NA). The overall
magnitude of UA-SWE is comparable to GPCC-LW, but for
comparison with snowfall accumulation snow ablation needs
to be added to UA-SWE. By adding the snow ablation, the
UA-SWE-NA (representing UA-SWE with no ablation
subtracted) suggests slightly larger values than GPCC-LW,
but not as high as GPCC-F. In other words, UA-SWE-NA
favors CF-LWover CF-F.

Figure 3 shows area-averaged daily cumulative snowfall
from several products for the case study shown in Fig. 2.
UA-SWE and UA-SWE-NA are shown in blue and dark blue
colors, respectively. UA-SWE-NA suggests that GPCC large-
ly underestimates and GPCC-F largely overestimates snow
accumulation, but GPCC-LW, GPCP, and IMERG-F-Cal

Fig. 2 Maps of snow accumulation over a snow accumulation case study (from Dec 30, 2010 to Feb 5, 2011), corresponding to the cumulative daily
snow plot shown in Fig. 5
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produce snow accumulations that are comparable to UA-
SWE-NA over the calendar month period (Jan 1 to Jan 31,
2010). Note that GPCP and IMERG-F-Cal use GPCP-LW to
perform bias adjustment at the end of calendar month, so
comparison between Dec 30, 2009 and Feb 5, 2010 does not
warranty similarity among the bias adjusted products. In fact,
considerable differences appear among these product for the
Dec 30, 2009 to Feb 5, 2010 accumulation period, mainly
because the products take different paths in their daily accu-
mulation. For example, during the first few days of accumu-
lation, GPCP followed by IMERG-F-Cal show a slow rise,
deviating from GPCC, PRISM, reanalysis and UA-SWE
products. IMERG-HQ significantly underestimates snow ac-
cumulation (produces about 10% of snow accumulation sug-
gested by UA-SWE-NA and GPCC-L) with accumulation
pattern that does not follow other products. IMERG-IR pro-
duces about 50% of the accumulation suggested by UA-SWE
and GPCC-LW, but suggest a rapid increase around Jan 20,
2010 that is not observed in SWE, GPCC, PRISM and reanal-
ysis products. Consequently, this increase is also seen in
IMERG-F-Cal and IMERG-F-Uncal as they are based on
IMERG-IR over frozen land. While PRISM has larger values
than GPCC, it underestimates snow accumulation compared
to both GPCC-LW and GPCC-F, partly because PRISM does
not utilize any correction for gauge undercatch. Reanalysis
products tend to show smaller snow accumulation than
GPCC-LW and GPCC-F, among them MERRA-2 shows the

highest accumulation and is closest to GPCC-LW and UA-
SWE-NA. ERA-Interim is close to PRISM that does not ac-
count for undercatch correction, so it likely underestimates.
ERA5 falls between ERA-interim and MERRA-2 and is close
to GPCP. While PRISM and reanalysis products show differ-
ent total snow accumulation, they agree fairly well in captur-
ing the daily accumulation pattern.

GRACE reported an observation centered on Dec 14,
2010, representing the entire month of December, and another
one centered on Feb 18, 2011, representing the month of
February (the dates are shown with black arrows in Fig. 5).
The change in TWS between the two dates is 41.9 mm, only
5% more than the corresponding change in SWE (i.e.,
39.9 mm), suggesting a great consistency between the ob-
served changes in TWS and SWE.

Similarly, Figs. 4 and 5 display another case study from
Dec 30, 2008 to Jan 31, 2009. GPCC-LW shows similar snow
accumulation map (Fig. 4), similar daily accumulation pattern
(Fig. 5), and an almost identical total snow accumulation
(Fig. 5) compared to UA-SWE-NA. On the other hand,
GPCC-F produces snow accumulations that exceed all other
products. IMERG-HQ produces the lowest snow accumula-
tion, but performs better than previous case study, producing
about 30% of total snow accumulation from UA-SWE-NA
and GPCC-LW. IMERG-HQ also captures the timing of rela-
tively rapid increase in snow accumulations starting around
Jan 7, Jan 17, and Jan 27, 2009 (Fig. 5), but with smaller rates

Fig. 3 Cumulative daily snowfall plot using several products for a snow
accumulation period (Dec 30, 2010 to Feb 5, 2011) over a region west of
the Great Lakes shown in Fig. 2. GRACE reported an observation on
Dec 14, 2010 and another one on Feb 18, 2011, shownwith black arrows.

The change in TWS between the two dates was only 5% more than the
corresponding change in SWE, suggesting a great consistency between
the observed changes in TWS and SWE
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than other products. However, Fig. 4 shows that IMERG-HQ
is unable to produce a spatial map similar to that obtained
from gauge-based or reanalysis products. Interestingly,
IMERG-IR produces total snow accumulation that is very
close to that estimated by GPCP, IMERG-F-Cal and UA-
SWE-NA (Fig. 5). Note that it shows different daily

accumulation pattern (Fig. 5) and spatial distribution map
(Fig. 4) compared to the UA-SWE-NA and reanalysis prod-
ucts. The similarity of IMERG-F-Uncal to IMERG-IR is not
surprising as over snow surfaces, IMERG-F-Uncal uses
IMERG-IR. GPCC provides the second lowest total snow
accumulation among all of the products (Fig. 5). PRISM

Fig. 4 Maps of snow accumulation over a snow accumulation case study (from Dec 30, 2008 to Jan 31, 2009), corresponding to the cumulative daily
snow plot shown in Fig. 3

Fig. 5 Cumulative daily snowfall plot using several products for a snow
accumulation period (Dec 30, 2008 to Jan 31, 2009) over a region west of
the Great Lakes shown in Fig. 2. GRACE reported an observation on
Jan 17, 2009 and another one on Feb 16th. The change in TWS between

the two dates was only slightly (0.27 mm) more than the corresponding
change in SWE, suggesting a great consistency between the observed
changes in TWS and SWE
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exceeds GPCC by total snow accumulation of about 8 mm on
Jan 31, 2009, but the two products show large similarities in
daily snow accumulation pattern (Fig. 5) and spatial map (Fig.
4), except in east of the Great Lakes. Similar to the previous
case study, MERRA-2 and ERA-Interim produce larger and
smaller snow accumulation than ERA5, respectively, but all of
them show fairly similar spatial maps and daily accumulation
pattern.

GRACE reported an observation centered on Jan 16,
representing the entire month of January, and another one
centered on Feb 15, representing the entire month of
February (the dates are shown with black arrows in Fig. 5).
The change in TWS between the two dates is 4.86 mm, only
slightly (0.27 mm) more than the corresponding change in
SWE (i.e., 4.59 mm), suggesting a great consistency between
the observed changes in TWS and SWE.

By averaging all of the snow accumulation cases across the
study years (2003–2015), Figs. 6 and 7 show maps of two
distinct regions over the North and Northeast United States.
We plotted these two figures separately to improve the visu-
alizations as snowfall accumulation over the Northeast U.S. is
considerably larger than snow accumulation west of the Great
Lakes. The results are generally consistent with the case stud-
ies. In particular, GPCC with no correction (followed by
PRISM) provides the least snow accumulation among all of
the studied products, GPCC-F overestimates snow accumula-
tion compared to all other products, GPCC-LW has better
overall agreement with UA-SWE-NA (although not perfect)

than GPCC-F, ERA-Interim and MERRA-2 produce the low-
est and highest snow accumulation respectively among reanal-
ysis and MERRA-2 is more consistent with UA-SWE-NA
and GPCC-LW in terms of overall magnitude. IMERG-F-
Cal, however, shows smaller snow accumulation than GPCP
and GPCC-L, especially over northeast (Fig. 7). This could be
partly because GPCP and IMERG-F-Cal are bias adjusted at
calendar-month with GPCC-L, but the snow accumulation
periods studied here often do not fully match calendar month.
GPCP and IMERG-F-Cal use different satellite products with
different resolutions that may also contribute to the observed
differences. Figures 6 and 7 also show that IMERG-F-IR and
IMERG-HQ by themselves are not robust in capturing the
magnitude and pattern of snow accumulation.

The overall cross-correlation and bias ratio among the
products are summarized in Fig. 8a, b. The correlation
coefficient (CC) map (Fig. 8a) suggests that the products
are generally well correlated with each other (i.e., CC >
0.8 for all pairs except those that involve one of the
IMERG-IR, IMERG-HQ or IMERG-F-Uncal products).
UA-SWE and UA-SWE-NA shows slightly better corre-
lation with GPCC-LW than GPCC-F, although both cor-
relations are high (exceeding 0.9). Fig. 8a also shows that
reanalysis products are almost identical in capturing spa-
tial patterns among themselves (i.e., CC > 0.98; see the
box with bright color in the middle of the Fig. 8a), but
they can have large differences in capturing snow accu-
mulation amount (Fig. 8b), Bias ratios in Fig. 8b is

Fig. 6 Average snow accumulation across all snow accumulation cases collected from all studied years (2003–2015) over a region west of the Great
Lakes
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calculated by dividing the total snow accumulation from
the products listed in the Y-axis by the total snow accu-
mulation from the products listed in the X-axis. The value
1 means that the two products are almost identical in

terms of capturing the total snow accumulation. From
the UA-SWE-NA perspective, GPCC-F shows the largest
and IMERG-HQ followed by GPCC and IMERG-IR show
the lowest snow accumulation values among all of the

Fig. 7 Similar to Fig. 6, but over the Northeast United States

Fig. 8 The overall cross-correlation and bias ratio among the products: (a) correlation coefficient, (b) bias ratio. Bias ratios in Fig. 8b is calculated by
dividing the total snow accumulation from the products listed at Y-axis by the total snow accumulation from the products listed at X-axis.
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products. MERRA-2 and GPCC-LW, followed by GPCP
and IMERG-F, show the closest snow accumulation
amount to UA-SWE-NA.

Figure 9 summarizes the relative skill of the studied products,
each shown by a different letter on the diagram, using Taylor
diagram (Taylor 2001) and from the UA-SWE-NA perspective.

The distance between each product and UA-SWE-NA,
here used as comparison reference and represented by letter
“A” on the X axis, is a measure of similarity between the
products and the reference. For each product, three statistics
are shown: (1) the Pearson correlation coefficient, a measure
of similarity in pattern between the products and reference
fields (blue contours representing the azimuthal angle), (2)
the centered RMS error in the products is proportional to the
distance from point “A” and is (shown in green contours); and
(3) the standard deviation of the products (shown in black
contours) that is proportional to the radial distance from the
origin. The diagram shows, for example, that UA-SWE,
GPCC-LW, MERRA-2, and ERA-5 are the closest to UA-
SWE-NA, while IMERG-HQ, IMERG-IR, IMERG-F-Uncal
are the least similar products to UA-SWE-NA. Therefore,
from UA-SWE-NA point of view, CF-LW is preferred over
CF-F to correct GPCC.

4 Concluding Remarks

Quantitative knowledge on snowfall accumulation is critical
for water resources management and hydrologic applications
such as flood forecasting and drought analysis. However, ac-
curate estimation of snowfall rate over snow-covered regions
has remained a major observational challenge from both in-
situ and remote sensing instruments. In situ observation are
mainly composed of gauges that are not necessarily designed

for snowfall measurement, thus they have to use large post-
corrections to mitigate the effect of snowfall undercatch.
There is a large uncertainty in correction factors (CFs) used
for compensating the gauge undercatch, for example, the two
popular correction factors (i.e., CF-F and CF-LW) can be dif-
ferent by more than 50% (Fig. 1). Satellite products also face
problems for snowfall estimation over snow covered area as
they have to overcome several obstacles such as uncertain
emissivity over land, weak sensitivity of instrument to snow
particles, and other challenges discussed in Section 1.

Here, by focusing on snowfall over snow accumulation
period, we compared snowfall accumulation from rain gauges
(through GPCC and PRISM), satellite products (GPCP and
the suite of IMERG products), and reanalysis (ERA-interim,
ERA5, and MERRA-2) with changes in SWE based on the
recent observational SWE product (UA-SWE) and after re-
moving ablation terms from that (UA-SWE-NA). The analy-
sis were performed using case studies as well as long-term
average over 13 years (from 2003 to 2015). GRACE observa-
tion of total water storage anomaly was also utilized to verify
UA-SWE where and when possible.

The results suggests that the use of CF-F, for correction of
snowfall undercatch in GPCC, results in significant overesti-
mation compared to UA-SWE-NA and all of the other prod-
ucts studied here. UA-SWE-NA, however, supports CF-LW
and is also reasonably consistent withMERRA-2, and ERA-5,
based on Tylor diagram analysis. Nonetheless, averaged over
all case studies, the difference between the GPCC and GPCC-
F snowfall accumulation was found to encompass snow accu-
mulation from all of the other products, excluding IMERG-
HQ. This highlights the critical importance of selecting proper
CFs for gauge-undercatch correction.While this study favored
CF-LW over CF-F for snowfall undercatch correction over
CONUS, previous studies over Eurasia and Siberia showed

Fig. 9 Taylor diagram
summarizing the skill of the
studied products relative to UA-
SWE-NA
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an opposite conclusion based on mass change analysis and
water vapor convergence (Behrangi et al. 2014c, 2018a).
Different countries use different gauges and the CF’s perfor-
mance might be gauge-type, regional or regime dependent.
This calls for future investigation to further check the perfor-
mance of these correction methods.

PRISM shows higher snow accumulation than GPCC but
often lower values than GPCC-LW and GPCC-F, perhaps be-
cause PRISM does not utilize gauge undercatch correction
factors. Reanalysis show very similar spatial pattern among
themselves, but represent large variation in simulating snow
accumulation, with ERA-interim showing the least accumula-
tion and MERRA-2 showing the highest accumulation and
closest to UA-SWE-NA. For the cases studied, a great consis-
tency between GRACE observation of total water storage and
SWE-UAwas observed.

This study provides an example for how a diverse set of
observations (e.g., in situ, satellite precipitation, SWE, and
mass change) can be used to provide recommendation on
gauge correction schemes and understanding the uncertainties
exist in quantifying snowfall accumulation over frozen land. It
is hoped that with further improvements in remote sensing of
precipitation (e.g., under efforts supported by GPM), in situ
observations (e.g., more appropriate gauges and undercatch
correction schemes), SWE estimates (from both in situ and
satellites), and mass change products (e.g., efforts supported
under GRACE-FO), further convergence among the products
can be achieved.
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